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Abstract

Centrifugal compressors are machines of utmost importance in numerous
industrial and high-tech applications. They are known to be prone to the ap-
pearance of aerodynamic instabilities at low mass flow rates, when operating
close to peak performance. Instabilities are a number of flow structures that
negatively impact the compressor. Their effects range from efficiency loss for in-
let recirculation, through increased level of vibrations and risk of fatigue damage
for rotating stall up to an abrupt machine destruction for surge.

Quick and accurate instabilities detection is a challenge. Detection of surge is
often a top priority as it has the biggest consequences for the machine operation,
however detecting other instabilities is also important for overall performance
and long-time operability. A promising approach to detection is based on data-
driven techniques, using high frequency signals sampled from the compressor
to capture the dynamics of the system. Such approach could warn about the
approaching onset of instability, providing ample of time for reaction. How-
ever, the signal is often composed of a number of overlapping sources and a
considerable amount of noise, which makes it a challenge to extract the mean-
ingful indication of instability. A valuable insight into the system state could
be obtained if the sources and the noise were separated.

The aim of this thesis is to build an instabilities-detection methodology lever-
aging data-driven signal decomposition techniques. The goal is to use a pressure
signal collected inside of the compressor and obtain a real-time indication of the
compressor stability. Two distinct decomposition methods, Empirical mode de-
composition (EMD) and singular spectrum analysis (SSA) are investigated for
this purpose. The goal of each of the method is to provide components sen-
sitive to the presence of individual instabilities to build instabilities-sensitive
features. The features are combined in the feature space, dimensionality of
which can be adjusted depending on the system under analysis and expected
unstable conditions. Using the decomposition techniques it is possible to in-
crease the dimensionality of a signal, enabling differentiation of different types
of instabilities present in the signal that would otherwise provide an overlapping
signature in the original signal.

The proposed methodology is validated with the data from a low-pressure
industrial compressor, equipped with five high-frequency pressure transducers
located along the flow path. The compressor was operated through a wide spec-

trum of conditions. In the post-processing, the data was divided into different
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general conditions, being stable, locally unstable and globally unstable.

The results highlight the potential of defining robust features using both
EMD and SSA for detecting general conditions, even with a relatively short
input signal. The features are physically interpretable, and it is possible to
provide meaningful thresholds for the detection of instabilities based solely on
stable conditions. This is an important advantage, as operating the compressor
in an unstable range brings risk of its damage. The overall accuracy of both
methods is over 90%, with the majority of misclassifications coming from the
region where the conditions transition from locally unstable to globally unstable.

For certain machines, the extension of the operating range at the expense
of safety might be beneficial. The globally unstable conditions reported in the
case study can be furtherly divided into transient and deep surge. It is shown
that decoupling those two instabilities for a robust indication with either EMD
or SSA is not fully possible, which may come from the physical character of
each instability. The features values for unstable conditions have to be known
to differentiate transient and surge, hence the benefit of relying solely on stable
data is lost. Obtaining features sensitive to each instability requires a longer
input signal and extended processing, which negatively affects the responsive-
ness of the detection system. To avoid such issue, it is possible to use a general
condition feature. It also requires prior mapping, but a robust indication can
be obtained with a short input signal.

The values of features obtained from the process show certain level of vari-
ability and tend to overlap due to noise present in the data. With a prior
mapping needed for the detection of exact instabilities, a probabilistic approach
to classification can be leveraged. Apart from classification, such approach pro-
vides an information about the probability of a given class, which can be used
to define no-classification zones in the feature space, where the probability of
each of the classes is low. It is shown that the application of probabilistic model
provides comparable classification rate, but it can offer increased flexibility and
limit the number of sensors to be used for detection.

The approach demonstrated in this thesis can enable better understanding
of the compressor operating conditions in the proximity of the surge line. Conse-
quently, it could be useful for ensuring that the machine can safely reach its peak

performance, possibly extending its operating range for different conditions.
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Lay summary

Centrifugal compressors are widespread machines present in various industries
as well as in everyday life. They play a crucial role in many chemical processing
plants, can be found in heat pumps, combustion engines or home appliances.

A common feature of centrifugal compressors is that they can develop aero-
dynamic instabilities when operating close to the peak of performance and pres-
sure ratio. Instabilities are unwanted flow structures that are detrimental to
the compressor’s performance and can threaten its structural integrity. Conse-
quently, the compressors are controlled to prevent the onset of instabilities.

A common control approach is to set an operating limit that should not
be crossed. Such a limit is placed at some distance from the actual onset of
instabilities and does not rely on detecting them, but its location is defined
beforehand by the manufacturer. This approach, although safe, unnecessarily
limits the operating range of the compressor.

To allow the compressor to operate as close to the limit as possible, the
presence of instabilities could be detected in real-time. By continuously probing
the stability level of the compressor, the operating limit can be set as close to
the actual limit as possible. The crucial part of this approach is a detection
method that is sufficiently accurate and quick.

This thesis demonstrates that real-time detection can be achieved with sig-
nal decomposition techniques. By taking a pressure signal and separating it
into components, the information about the presence of instabilities can be ex-
tracted. The components of the pressure signal are transformed into features
that are used for making an indication of the presence of instabilities.

The decision about the presence of instabilities can be made based on a
feature threshold value, however, this approach can be sensitive to singular
events and noise. To further improve the detection, a probabilistic model can be
implemented to take advantage of the uncertainty quantification. Consequently,
a more informed decision about the compressor’s stability can be made.

With the developments presented in this thesis, it should be possible to
safely extend the operating range of the compressor using instabilities-sensitive
features coupled with a probabilistic approach to the classification of conditions.
This can be leveraged to propose a tailored control system capable of bringing

important benefits to machine operation.
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1 Introduction

This chapter presents a general introduction to centrifugal compressors includ-
ing the operation, monitoring and detection of instabilities. Firstly, the most
common aerodynamic instabilities are described, focusing on their types and
impact on the compressor. Subsequently, methods of instabilities detection are
demonstrated and discussed, based on different approaches they might repre-
sent. Next, the methodologies that could be applied to instabilities detection
are outlined and their most important aspects are highlighted. Based on the
literature review, gaps in knowledge and shortcomings of the presented ap-
proaches are identified. The chapter ends with a roadmap of the thesis, giving

an overview of each chapter.
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1.1 Centrifugal compressors generals

Compressors are widespread machines of multiple applications and various de-
signs. The basic role of a compressor is to increase the pressure of a fluid
that is delivered to it, which might be used in different applications includ-
ing the chemical industry, petroleum industry, turbo engines and many others
[10]. Compressors can be divided into positive displacement, such as recipro-
cating, scroll, or screw machines, and dynamic, including centrifugal and axial
compressors [11].

The process of increasing pressure in dynamic compressors has two main
steps. First, the fluid is accelerated with a rotating impeller, which increases
its kinetic energy. Secondly, the fluid is decelerated in a diffuser and its kinetic
energy is changed into pressure [I]. Neither of these processes is loss-free and the
level of losses depends on a number of factors. Axial and centrifugal compressors
differ in geometry, principles of operation and flow patterns in the machine.
Hence, despite performing a similar general task, research on centrifugal and
axial compressors is often separated [12]. This especially applies to research on
aerodynamic instabilities, where researchers investigate one [13],[14] or the other
[15, [16] type of machine. The focus of this thesis are aerodynamic instabilities
in centrifugal compressors, hence only this type of machines will be considered.

Centrifugal compressors take advantage of centrifugal effects for flow accel-
eration, which is reflected in their design [7]. A schematic view of a centrifugal
compressor is presented in Figure [I.I} The flow enters through the inducer -
an axial part of the impeller passage. Some designs may have a partial inducer
(semi-inducer impeller) or no inducer at all (radial impeller) [17]. In some com-
pressor designs, the flow might be directed through guide vanes present before an
impeller, in between sections 0 and 1. Guide vanes can introduce additional curl
to the flow, affecting the aerodynamics of the impeller and its performance [18].

The impeller extends between sections 1 and 2. Its shape and design may differ
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-

section view front view

Figure 1.1: Schematic representation of a centrifugal compressor with marked
sections; 0: compressor system inlet; 1: impeller leading edge; 2: impeller
trailing edge; 3: end of the diffuser; 4: end of the volute; 5: compressor system
outlet

importantly, depending on the application. Past the impeller, the flow enters
a diffuser, located between sections 2 and 3. In the diffuser, the kinetic energy
of the flow is transformed into a pressure increase. Diffusers can be vaneless,
where there are no guides to the flow or vaned, where aerodynamically-shaped
vanes are present [7]. After the diffuser, the flow enters a volute, where its ve-
locity vector changes from radial to tangential in order to transfer the medium
into the pipeline. The shape of a volute can differ between compressors, and
it was shown to have an impact on the operation of the machine [19]. Past
the diffuser, an outflow cone might be present, located between the end of the
volute (section 4) and outflow (section 5).

The design of a centrifugal compressor may differ significantly, depending
on its application [7]. Differences in size and geometry may be very important,
resulting in very different flow patterns and behaviour close to off-design con-
ditions [I0]. With changes in size, compressors operate at different rotational

speeds. Different families of compressors, as defined by Casey et al. [I] are
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Figure 1.2: Relation of size and rotational speed for different types of centrifugal
compressors [I]

represented in Figure[I.2] It can be seen that both the rotational speed and the
impeller diameter can vary greatly between machines.

The design of a compressor is influenced by the function it has in the sys-
tem, expected performance, the medium it works with, space constraints and
many other aspects [17]. There exist variations in each of the compressor el-
ements, which influence the performance and stability of the machine [11I [7].
Firstly, there are several variations to the impeller design. Depending on the
application, the impeller can be shrouded or unshrouded (Figure , which
importantly changes the impeller aerodynamics and secondary flows present in
the machine [7]. The impeller blades can be shaped in a 2-dimensional way, hav-
ing a constant shape along the height of the flow channel or in a 3-dimensional
way, varying across the height (Figure [1.3b]). The form of the blade may also
differ, depending on the expected flow coefficient for the machine (Figure .
Additionally, splitter blades may be used for some high-performance impellers

[7]. The variations in compressor design can also come from the type of the
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diffuser, being vaned or vaneless. Some compressor designs may additionally
include inlet guide vanes to alter the flow swirl at the inlet [I7]. There is also a
number of other shape parameters, related to the diffuser or volute, that affect
machine performance and operating range [7].

The variability in design and the number of possible combinations make
generalization of centrifugal compressor behaviour challenging [11]. Due to the
multitude of designs combined with complex flow physics inside the machine,
the behaviour of centrifugal compressors has been far less understood than that

of axial compressors, especially when considering off-design operation [2].

N B
Shrouded Unshrouded 2D 3D
(a) (b)

Figure 1.3: Variations of impeller designs a) shrouded and unshrouded impellers;
b) impeller with 2D and 3D blades

Ipyy

Increasing flow coefficient

Figure 1.4: Variations of impeller designs dependent on the flow coefficient
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1.2 Compressor performance and off-design op-
eration

Compressor performance can be quantified on a global level using a compressor
map that relates the mass flow (712) of the machine with pressure ratio (PR) [10].
An exemplary compressor map is shown in Figure It is possible to define a
functional relationship in the form PR = f(m) based on the fit of a function
to empirical data, often in the form of third-order polynomial [7]. A different
function can be created for each rotational speed. The compressor operates
connected to a network of certain characteristics, being a function of a mass flow
through that network. The operating point of a compression system locates at
the cross-section of the compressor characteristics and network characteristics.
If some flow or resistance perturbations occur, which is common in normal
compressor operation, the operating point can oscillate around some location

on the compressor map [7].

PRa

safety
margin

constant speed
lines

system
/ resistance

’
m

Figure 1.5: Exemplary compressor map, based on [2]

To compare different machines and fluids, the mass flow and pressure rise
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can be represented in a non-dimensional form using the mass flow coefficient ¢

(Equation ([1.1])) and the pressure rise coefficient ¢ (Equation (1.2))) [10].

4dm
= 1.1
pugmTd3 (1.1)

PR
- 1.2
U= T (1.2)

Where:
m is a mass flow through the system,
p is a fluid density,
uo is a blade tip velocity,
ds is an impeller diameter at the outlet,

PR is a pressure ratio.

The operating range of a compressor can be defined using a compressor map
[10]. This range is limited by the choke at high mass flow rates and surge or
instability line at low mass flow rates [2], as shown in Figure [1.5|

The choke appears when the flow speed inside the compressor exceeds the
speed of sound, so the Mach number is greater than 1. This leads to high
losses [7] and is often far from the optimum design point, as the pressure rise is
low. The choke line calculation is a relatively easy and well-defined task. The
location of the line depends on the area of the narrowest passage location, mass
flow and fluid parameters. Operation close to choke conditions is rare in normal
practice, as it is typically far from the design point [2].

On the other end of the compressor map, the operating range is limited by
the appearance of surge or other flow instabilities, such as inlet recirculation or
rotating stall. Instabilities are a number of different aerodynamic structures,
with different influence on the machine. They are extensively described and
discussed in Section[I.3] All instabilities are detrimental to compressor efficiency

and can lead to the destruction of a machine due to fatigue or overload of
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the compressor components [2]. High pressure ratio and high efficiency of the
machine are often attained close to the unstable region, therefore, operation
close to the surge line is more common.

A compressor should operate in the stable region for the purpose of safety
and efficiency. However, during compressor operation, the operating point can
shift with a change in rotational speed, variation of the network resistance or
due to the presence of disturbances [7]. Such a shift may happen abruptly,
pushing the compressor from stable operation to unstable region. It is also
possible that because of wear or deterioration of performance, the compressor
characteristics changes. It can make the set operating point get closer and closer
to the unstable region, causing a threat to machine operation [20].

Defining the exact location of the unstable region is a difficult task. It
strongly depends on the flow structure inside the machine, which is to a certain
extent unique for every compressor design, thus making it difficult to accurately
predict in an analytical way [7]. The surge line in industrial practice is obtained
experimentally by a compressor manufacturer [2I], but can also be estimated
theoretically, for example using Greitzer model [22]. Theoretical modelling has
its limitations, as a number of parameters have to be estimated, including com-
pressor and network characteristics [7]. The experimental procedure, although
more precise, is still burdened with uncertainty. The main sources are manufac-
turing imperfections, as well as compressor transport and installation, affecting
machine clearances. Additional errors can also be introduced with compres-
sor curve fitting and numerical corrections of the curve due to changes in the
parameters of the working medium [T}, 21}, 23].

Owing to an underlying uncertainty of the exact surge line location, a certain
buffer from the surge line is introduced into the compressor control system to
avoid surge onset [2]. This buffer may be called a safety margin [1]. The safety
margin can be set at around 10 to 15% of the compressor operating range

[2, 24, 25]. Such a definition ensures the safety of the machine, however, it
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importantly limits the compressor operating range and may prevent the machine
from operating at the peak of its performance [26]. Both performance and
operating range are important for centrifugal compressors and improvements in
either of these aspects can bring considerable benefits [1].

Centrifugal compressors can experience other aecrodynamic instabilities than
surge. The two major ones described in the literature are inlet recirculation
and rotating stall [IT) I, 2]. Their inception occurs close to the compressor
pressure curve peak, but the exact location depends on a number of factors
[12, [7, 2 27]. Inlet recirculation and rotating stall have a detrimental effect
on compressor efficiency and their presence can cause damage to the machine
[12, 2]. It makes the detection of those instabilities an important aspect of an
instabilities detection system.

The compressor control system based on a compressor map can help to
roughly define the regions of possible instabilities presence but does not offer the
possibility of their detection in terms of defining their presence in the particular,
monitored system. To ensure safety and long-term operability of the compressor
without compromising the operating range or efficiency, a control method based
on an online detection of instabilities can be proposed. Such a method should
provide instantaneous information about the machine stability in a continuous
manner. It should also be capable of detecting multiple instabilities, to be
considered for use in a comprehensive compressor controller.

Accurate and comprehensive detection of aerodynamic instabilities is a chal-
lenging task. To provide a general approach, capable of quick detection and
distinguishing of instabilities, the character of instabilities and their signature

have to be understood.

1.3 Aerodynamic instabilities

Aerodynamic instabilities are different flow structures that can appear in the

compression system when the machine works in proximity or past its peak com-



1.3. Aerodynamic instabilities 10

pression level, where the mass flow of a compressor is low [7]. The term insta-
bilities in the context of centrifugal compressors encompasses a number of flow
structures, generally detrimental to the compressor. The three major ones ap-
pearing in the literature are inlet recirculation, rotating stall, and surge. They
can be differentiated by the location they appear at, their characteristic signa-

ture and their influence on the compressor.

1.3.1 Inlet recirculation

Inlet recirculation is an instability with the lowest overall effect on compressor
performance and structural integrity, compared to rotating stall or surge [2§8]. In
the literature, it is also referred to as rotating instability [29], inducer stall [30]
or recirculating bubble [3]. The name whoosh noise is often used in reference to
the audible effects that can be produced by inlet recirculation [31], frequently
observed for turbocharger compressors. The naming of this phenomenon has
been a subject of discussion in the scientific community [32], however in this
thesis, it will be consequently referred to as inlet recirculation after the most

comprehensive study of this phenomenon in centrifugal compressors [2§].
Physics of inlet recirculation

In centrifugal compressors, inlet recirculation has a form of an axisymmetric
swirling zone appearing at the leading edge of the impeller close to the shroud
of the compressor [33]. It can extend upstream into the inducer and downstream
into the impeller [3], in some cases reaching even the diffuser [34]. The extent
of inlet recirculation may vary depending on the operating conditions as well
as the parameters of the machine. The recirculation rotates in the plane of the
flow and has a radial velocity component concurrent with the impeller rotation
direction, which arises from the interaction with the impeller [I]. A schematic

view of inlet recirculation is presented in Figure [1.6
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Inlet recirculation was first documented for centrifugal pumps [35] and sub-
sequently for axial fans and blowers [36]. It was not extensively researched for
centrifugal compressors, with only minor mentions of such phenomenon from
several researchers |30}, 37, [38]. Over the years the interest in inlet recirculation
was increasing. It was partly related to advances in turbocharger compressors,
as the effects of inlet recirculation are particularly noticeable for this type of
machines [33]. Over time, the effects of inlet recirculation were included in the
compressors design procedures [33] 39]. Inlet recirculation can be present in a
centrifugal compressor at a given operating point, providing little symptoms of
its existence when considering the global performance of the machine [2]. How-
ever, it can cause a broadband excitation of the compressor elements, leading

to fatigue damage in a long term [7].

section view front view

Figure 1.6: Typical inlet recirculation zone in the inducer and impeller; based
on [3]

The mechanism of inlet recirculation onset was investigated numerically,
which provided great insight into the flow structure inside the machine |15}, 16,
40]. Tt was suggested that inlet recirculation is triggered in the impeller, near

the leading edge, when the tip vortex from a previous blade hits the pressure
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side of another blade |15 16]. This happens as with decreasing mass flow, the tip
vortex is no longer pushed downstream along the rotation axis of the impeller,
but rather starts to move perpendicular to that axis [40]. Assuming that the tip
vortex is the only factor responsible for initiating recirculation, this instability
would be eliminated in shrouded impellers since the tip gap, which is necessary
for tip vortex creation, does not exist in such impellers. The observations of
inlet recirculation for shrouded rotors were reported by McKee et al. [41], where
it was shown that such a structure was only present for inducer or semi-inducer
impellers, not for purely radial impellers.

Ribi [2] provided an alternative theory on the onset of inlet recirculation,
arguing that recirculation can be caused by a leading edge separation on the
suction side. It was demonstrated that inlet recirculation is initiated within the
impeller passage, triggered by a separation on the suction side and enhanced by
the tip leakage flow [33, B34]. Following such an explanation, the recirculation is
expected to appear for the shrouded compressor impeller as well, but to a lower
extent as the tip leakage enhancement would not be present.

Inlet recirculation can extend through the whole impeller, up to the trailing
edge of the compressor blade [33,[34], causing a significant flow blockage. Having
reached the diffuser, recirculation might alter the diffuser flow patterns and
affect its stability. The extent and influence of those effects on compressor

stability are specific to compressor geometry [39].
Inlet recirculation effects

The presence of recirculation alters the flow path in the impeller, as it provides
a blockage to the flow on the shroud side, as shown in Figure [1.6] Due to its
rotation in agreement with the impeller rotation direction, it introduces a pre-
swirl on the incoming flow and pre-heats it, as higher energy fluid is reversed
to the impeller inlet and mixed with the incoming flow [42]. Decreasing the

available throat area results in increasing the flow velocity in the axial direction,
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while the presence of the pre-swirl increases the meridional velocity component
magnitude [28§].

The presence of a flow blockage near the shroud may have a stabilizing ef-
fect on the global flow as due to the lower area, the axial velocity increases,
influencing the incidence angle and offsetting the appearance of more harmful
instabilities [I]. The numerical study of Lin et al. [3] suggested that inlet re-
circulation effect on compressor efficiency can be both positive and negative,
depending on the stage of recirculation development dictated by the mass flow
rate. In the first stage, the presence of recirculation decreases the active flow
area, resulting in an increased flow velocity for the same flow rate. The recir-
culating zone also pre-swirls the flow in the direction of compressor rotation.
Both of these mechanisms decrease the incidence angle, resulting in lower inci-
dence loss. With a further decrease in the flow rate, those effects are countered
by important pre-heating of the flow, leading to a drop in efficiency due to the
thermodynamics of the compression process [3]. With an even greater mass flow
decrease, a compressor can experience other instabilities, such as a rotating stall
or surge.

Inlet recirculation was shown to have a broadband signature [43, [9], which
can lead to a broadband excitation of the compressor elements [44]. It might,
in the long term, lead to fatigue damage of the blades or shorten the life span of
other compressor components |2 44]. Due to the presence of inlet recirculation
in its developed form, increased energy losses can be observed. In some cases,

inlet recirculation can account for up to 35% of the total compressor losses [2§].
Inlet recirculation detection

Detection of inlet recirculation can be based on different principles. The broad-
band excitation caused by swirling flow can be sensed using a pressure sensor
positioned in the vicinity of the impeller leading edge [45]. It is also possible

to measure changes in the tangential velocity component before the impeller,
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which increases when inlet recirculation is present [41]. The reversal of a high-
energy flow from the compressor could be captured through temperature mea-
surements before the impeller, it was shown that inlet recirculation results in a
higher standard deviation of the temperature signal [46]. In small centrifugal
compressors used in turbochargers, the presence of recirculation can be respon-
sible for the so-called whoosh noise [31], 46], therefore the acoustic signature of
inlet recirculation could also be used for the detection.

With the limited impact of inlet recirculation on the compressor, its rapid
detection is not of paramount importance. However, accounting for its effect in
a compressor system might be helpful for fatigue damage safety. Energy savings
could also be made if inlet recirculation can be avoided. Inlet recirculation can
also serve as a surge precursor in some cases [43, 8, [47], therefore, its rapid de-
tection during the transition from stable to unstable conditions can be leveraged

for surge onset prediction.

1.3.2 Rotating stall

Rotating stall is a local instability that has a more severe impact on the compres-
sor than inlet recirculation, both in terms of safety and machine performance [7].
Stall was researched to a higher extent for axial compressors than for centrifugal
compressors [48]. It was due to its much more severe impact on axial machines,
where stall results in an instantaneous loss of pressure ratio and creation of
high loads on the slender blades of an axial compressor [17]. Rotating stall in
centrifugal compressors is also dangerous, thus its detection was of concern for

a number of researchers 2], 49].
Physics of rotating stall

The term stall describes a detachment of the flow, often caused by an adverse
pressure gradient [2], which can be very well visualized for airfoils (Figure [L.7).

When exceeding a specific angle of attack, the flow detachment takes place and



1.3. Aerodynamic instabilities 15

results in an important drop in airfoil lift [I2]. In compressors, the term stall
can refer to the separation on the blades of the impeller or vaned diffuser or a
separation in the vaneless diffuser. In each case, stall is caused by an adverse
pressure gradient in the boundary layer [I2]. The presence of stall often results
in an important change in the flow field inside the compressor and drop in

compressor performance m

Figure 1.7: Stalled airfoil [4]

Rotating stall in centrifugal compressors can have different forms. In general,
it is manifested by the presence of a number of low-energy cells that rotate
around the annulus of the compressor [7]. It is also possible that a single cell
is present in the compressor. The number of cells can vary across machines
[2] or even within the same machine for different stages of development [50].
Within stall cells, the flow is stagnant or reversed, constituting a blockage to
the normal flow inside the machine [7]. These zones locally change the loading
of the compressor blades and increase the level of vibration of the machine due
to the force imbalance [44].

The rotation of stall is caused by the interaction of cells with the core flow
[2]. When a blade passage is stalled, the flow cannot go normally through a
passage and is redirected to adjacent channels. For one of those channels, due
to an additional component of a velocity vector, the incidence angle is increased,

while for the other it gets decreased [5]. In the channel with increased incidence,
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Figure 1.8: Impeller rotating stall evolution; numbers represent the temporal
evolution of the flow in the same space between the blades [5]

the separation on the suction side is more likely to form, causing this passage
to stall [2]. In the previously stalled channel, when no flow through the channel
takes place, the pressure distribution changes and the normal flow through it is
re-established. This process is visualised in Figure [1.8

There exist different types of rotating stall, depending on the location and
the onset mechanism [7]. The onset of stall is highly dependent on the compres-
sor type, geometry and operating conditions [2]. One of the most commonly

applied classifications [7] differentiates subsequent types of stall:
e Progressive impeller rotating stall (PIRS)
e Abrupt impeller rotating stall (AIRS)
e Vaned diffuser rotating stall (DRS)
e Vaneless diffuser rotating stall (VDRS)

PIRS occurs when the angle of attack of an impeller blade becomes too
high, inducing local flow separations inside the impeller [7]. These separations
can develop into stall cells, creating a blockage in certain passages. A different
number of cells and their rotational speeds were observed in the literature, with
cell numbers ranging from 1 to 5 and rotational speed between 40% and 100%
of impeller rotational frequency [5, [51]. The name progressive comes from the

steadily increasing amplitude of phenomena with increasing throttling [7].
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AIRS arises from the interaction of the impeller with a diffuser [52]. The
stall cells emerge at the outlet of the impeller, extending into diffuser. The
number of cells is within the same range as for AIRS, but they rotate more
slowly, between 20 to 40% of the rotational speed [2]. The appearance of AIRS
is dependent on the location of the operating point on compressor curve as well
as the impeller outlet flow parameters [50]. The compressor geometry has a
significant impact on both parameters. Specifically, the lean angle of the blades
greatly influences the sensitivity, particularly for backward lean blades which
may result in VDRS instead of AIRS. However, if certain conditions introduced
by flow perturbations are present, then AIRS can occur [7].

DRS has a very similar mechanism to PIRS, but takes place in the diffuser.
Due to too high incidence, local separations occur which tend to grow into stall
cells [53]. Owing to the interactions of the flow with the impeller, the inflow
to the diffuser is more complex than the inflow to the impeller. It results in a
more complicated character of diffuser stall [7]. The velocity of the cells can
range from 5% up to 85% of the impeller rotational speed and their number
can vary between 1 and 4 [2]. The most important role in stall onset is played
by spanwise non-uniformity of the flow, which directly affects the incidence on
diffuser vanes [7].

VDRS is the instability of a similar character as previous stalls, but appear-
ing in the vaneless diffuser [52]. The stall onset is due to the combination of
non-damped spanwise non-uniformity of the flow and the boundary layer sep-
aration [7]. During VDRS, the net mass flow remains the same as for stable
operating conditions. The stall cells restrict the outflow from the diffuser, con-
sequently, the flow in between them is accelerated to account for the decreased
flow in stalled regions [50]. The number of cells is on average 1 to 3, and they
rotate slowly, within the range between 5% to 30% of the impeller rotational

speed [2].



1.3. Aerodynamic instabilities 18

The effects of rotating stall

The presence of rotating stall is detrimental to a compressor in a number of
ways. Primarily, it results in a decrease in compressor performance due to flow
blockage and increased losses introduced by the stall cells [7]. The presence
of rotating stall also alters the pressure distribution on the elements of the
compressor, mainly on the impeller blades [44]. This leads to cyclic loading and
causes an increased level of vibrations of impeller blades and shaft. In the long
term, it may result in fatigue damage of the impeller [54]. The significance of
stall-related forces grows with increasing density of the process fluid [7]. Stall

can also be responsible for triggering surge [7].
Rotating stall detection

Stall detection does not have to be instantaneous, as most centrifugal compres-
sors can often tolerate the presence of stall for some period [2]. Rotating stall
detection is important for compressor safety and efficiency. A method allowing
for its quick detection can be useful where the presence of stall can be considered
a surge precursor.

The detection of stall is often based on pressure measurements inside the
machine [52, 55, 56]. The placement of the sensors may differ, depending on
the expected stall type and machine design [2]. Commonly, at least two sensors
placed at the same radial position are used to measure the number of cells as
well as their velocity [57]. It is also possible to use a single sensor to capture
stall, however, then it is not possible to precisely measure the number of cells
and their velocity [58].

Pressure measurements can also be used to detect modal waves, which are
responsible for progressive stall inception [59]. Modal waves are long, transverse
pressure waves that travel around the annulus of the compressor [7]. They
are often of small amplitude, compared to the pressure variation inside the

compressor, hence their detection is not straightforward [60].
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Rotating stall can also be detected through measuring the vibrations of
compressor elements, induced by this instability [61, 62]. However, in such
configurations, the detection of stall may be hindered by different sources of
vibrations present in the system [63]. Detecting stall is not straightforward and
often requires important signal processing efforts to extract the signature of
this instability [64, 65]. It applies especially to an early stage of stall, where its

signature in pressure or vibration signal is not clear [66].

1.3.3 Surge

Surge, contrary to inlet recirculation and rotating stall, is a global phenomenon
that affects the entire compression system [12]. It is a highly dangerous instabil-
ity that can lead to quick damage or even destruction of the system components,
rendering the compressor inoperable [2]. Surge can have a different impact de-
pending on the medium used by the compressor and compressor design, but it
should generally be avoided due to the high load exerted on compressor elements
[7]. When surge onset is detected, the common practice is to depressurise the
plenum by using a bypass valve or, in extreme cases, to stop the compressor
[7]. It was shown that surge suppression may be possible with different active
methods, such as controlling the compressor speed [67] or changing the plenum
volume [68], 69]. However, these approaches have not been widely implemented
in industrial practice, partly due to the size requirements of the suppression

systems and the increased complexity they bring to the control system [7].

Physics of surge

Surge is manifested by periodic pressurizing and depressurizing of a plenum,
which is the volume between the compressor and a throttle or network resis-
tance [12]. This process results in important pressure pulsations that affect the
entire compressing system. The character, intensity and effect of surge on the

compressor differ, depending on the compressor design, operating parameters
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and the network it is connected to [I2]. Surge can be divided into different
types, depending on the flow conditions. The division, according to De Jager

[70] is presented below.

e Mild surge - the flow demonstrates small pressure fluctuations of a
period close to the Helmholtz frequency fy. The flow reversal does not
occur, which means that the total net flow is positive. It doesn’t need to

imply that there are no local reversed flow zones.

e Classic surge - the pressure oscillations are larger and at a lower fre-
quency than during mild surge. The higher frequency oscillations can also
be present in the form of harmonics of the base frequency as the signal

becomes non-linear. Still, no full flow reversal is present in the system.

e Modified surge - it is a classic surge condition with a superimposed
rotating stall, resulting in fluctuations in both axial and circumferential

directions.

e Deep surge - this is the ultimate situation, where the full flow reversal

occurs. It is characterized by the strongest level of pressure fluctuations.

Ribi [2] provides a slightly different taxonomy, where the term mild surge
covers both mild and classic surge of De Jager and modified surge from De Jager
is referred to as classic surge. In literature practice often only mild and deep
surge are distinguished |[2].

Several attempts were made to predict the onset of surge and model com-
pressor behaviour under these conditions. A major contribution was the work
of Greitzer [22], who proposed a mathematical model of surge. This model,
first derived for axial compressors, was extended to centrifugal compressors and
proven experimentally [71], [72]. It was shown that a system can be modelled as a
dynamical system composed of a number of simple components. The schematic

description of a compressor system is presented in Figure [1.9



1.3. Aerodynamic instabilities 21

Compressor

b
\

Air mass Thrbttle

\

Plenum air
compressibility

\ \
\ .
\ /
\ \
\ \ /
\ /
\ /
X \ /
\ \ /
N\ \ /

Figure 1.9: Schematic depiction of Greitzer compressor model as an analogue
to a mechanical system; adapted from [6]

Greitzer model can be represented with two main equations (Equation (1.3))
and ([1.4))) connecting the mass flow and pressure rise with the compressor and

throttle characteristics [6].

- = BWe—4) (1.3)
dy 1 »
gig@—%) (1.4)

Where:
¢ and 1 are non-dimensional mass flow and pressure respectively,

1. and 17 are the compressor and throttle characteristics.

An important element of the model is B parameter (Equation (1.5))). Its

value can be understood as a measure of pressure to inertia force ratio [2].
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The bigger the B, the stronger the surge oscillations, thus the effect on the
compression system [22]. A bigger B parameter makes a system more prone
to the appearance of unstable structures, while small B has a stabilising effect
on the compressor [7I]. In some studies, it was shown that the value of B
parameter may define the type of instability present in the system, being either
rotating stall or surge [12].

Usy Vo

Where:
a is a speed of sound,
V, is a volume of the plenum,
A, is the throat area of the compressor,

L. is a compressor and duct length.

Greitzer model can be used for prediction of the onset of instability using
the shape of the compressor curve and the resistance curve as input [22]. There
are two types of system stability: static and dynamic [6]. For static stability,
the compressor performance curve must have a higher slope than the resistance
curve, as only then the perturbations of pressure caused by compressor operation
are damped by the system [6]. The condition for static stability can be written
as in Equation (|1.6)).

die _ dir
do. — dor

The other type of stability is dynamic stability, which can be derived with

(1.6)

the same approach as static stability. However, in this case, the dynamic be-
haviour of the compressor is considered, hence the difference in the inertia of the
compressor and resistance must be factored in. Consequently, when a distur-

bance in compressor operation occurs, the compressor follows its characteristics
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while, due to inertia, the resistance does not. The behaviour of resistance can
be modelled using B parameter. The condition for dynamic stability is shown
in Equation (1.7). For a stable compressor operation, both static and dynamic

stability conditions have to be met [6].

dpe 1 [(dp\
s, = B <%> L7

The stability of a compressor in Greitzer model is defined based on the shape

of the compressor performance curve and throttle characteristics, therefore the
predicted location of instability is dependent on the shape of those curves. Var-
ious modelling approaches were proposed for obtaining compressor performance
curves. These models are often 1-dimensional and rely on a number of approx-
imations. Some models, such as a meanline model divide the compressor into
parts and focus on its separate components to define the global performance
[I7]. The models often require the selection of several parameters, which are
based on correlations and previous experiments [I7]. The primary benefit of
utilising simplified models lies in their ability to rapidly generate predictions for
initial compressor design. However, they are not accurate enough to be suitable
for compressor control when the aim is to maximally approach the surge line
without the risk of crossing it [73].

The compressor performance curve can also be obtained with computational
fluid dynamics (CFD). CFD can provide accurate predictions of compressor be-
haviour in off-design conditions [16, 9]. It was demonstrated for a turbocharger
compressor that the results provided by CFD are more accurate than those pro-
duced with simpler models [74]. However, compared to the experimental results,
the CFD also produced some discrepancies, affecting the presence of a predicted
surge line [74]. Such differences can be caused by manufacturing imperfections
or misalignment introduced during machine transport and installation [21], 23].

It is also possible that the compressor experiences wear over time, which would
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furtherly alter the shape of the compressor map and, consequently, the location

of the predicted surge line [}, [75].

The effects of surge

Surge can have a highly destructive effect on the compressor [12]. The presence
of flow oscillations induced by surge leads to high axial loading of the bearings
[57], which may cause their failure and consequently quick destruction of the
machine. Surge also significantly alters the performance of the compressor,
including its pressure ratio and the mass flow [2]. The flow oscillations cause
strong vibrations of the compressor and connected elements [44]. What is more,
the surge-induced vibrations can transfer onto the compressor network, leading

to failures of the piping or other elements of the system [7].
Surge detection

Surge is characterized by strong pressure fluctuations, present everywhere in
the compression system. Depending on the type of surge, a different signature
can be observed [70]. The frequency of surge can be well approximated by
Helmholtz frequency (Equation ([1.8))), dependent on the physical dimensions of
a compressor and its network. Knowing the expected frequency, it is possible to
monitor the signal at a specific frequency range to capture the rise in amplitude
related to surge [9, [63].

a A,

=5\ 117

(1.8)

Helmholtz frequency for a number of compression systems reported in the
literature ranges from below 1 Hz to over 40 Hz [76] [77], which is generally
lower than rotating stall frequency [2]. However, an overlap between surge and
stall frequencies might be present in some cases, as indicated visually in Figure
[[.I0] Surge-induced oscillations can be distinguished from rotating stall by

comparing the phase at more than one sensor. Surge oscillations are in phase
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for all the circumferential locations over the impeller and strongly present in
locations remote from the impeller due to a global character of surge, while
stall oscillations are more local and not in phase over the impeller annulus
[7]. However, using a measurement system with a limited number of sensors,

distinguishing those two instabilities might be challenging.

1
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Figure 1.10: Visualisation of frequency overlap in detection of surge and rotating
stall

A fully developed surge is easily detected because it produces an abrupt
change in a number of parameters, including high-amplitude pressure oscilla-
tions and vibrations of the structure [63]. The change in the pressure signal
can be for example observed in Figure in Chapter [3| The challenge in surge
detection lies in the prediction of its onset and ensuring system reaction prior

to surge development.

1.4 Detection requirements, precursors and or-
der of instabilities

The strategy for instabilities detection and ensuring the safety of the compressor
can be either to quickly detect the symptoms of instability [62, [78] or rely
on some instability precursors |2 66]. The precursor should appear prior to
the targeted instability, but as close to its onset as possible. Too early the
appearance of a precursor can unnecessarily restrict the operating range of a
machine. With a far less important effect of inlet recirculation and rotating

stall on the compressor integrity compared to surge, they were investigated as
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surge precursors for some machines [2, 47, 57]. There also exist other features
that were shown to precede rotating stall in certain compressors [18, [66]. Such
features can be used as additional steps in the control system, allowing a more

precise indication of the compressor stability.

1.4.1 Required pace of detection

The impact of instabilities on the compressor varies, affecting the necessary
pace of detection. Inlet recirculation is the mildest of instabilities. It can
remain present in centrifugal compressors, in its initial stage, even without a
significant effect on the performance [28][3]. Therefore, the pace of detection for
inlet recirculation is not paramount due to the low risk of compressor damage.
However, considering inlet recirculation a precursor to some other instability,
its quick detection may be very useful.

The effect of rotating stall is more significant than that of inlet recirculation.
Its influence depends on the compressor parameters and is higher for machines
operating at a high pressure ratio or using a medium of higher density [7]. The
stall in centrifugal compressors can often be tolerated by the compressor in short
periods [58]. Within a longer time frame, stall can lead to fatigue damage of
the machine due to excitation of the blades [44, 54]. The damage may occur
abruptly, with fatal consequences [79]. Hence, the detection of rotating stall in
centrifugal compressors should be fast, but it does not have to be instantaneous.
Again, considering stall as a precursor to surge, its quick detection becomes
important.

Surge has the most grievous effects on the compressor. In extreme cases,
it can lead to the destruction of a machine within a very short period of time
[18]. For the majority of the compression systems, surge must be avoided due
to extreme loads exerted on the compressor bearings [80]. The impact of surge,
depends on the type of machine and the medium it operates with, however, in

some cases only a few surge cycles can be sufficient to damage the machine [&1].
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Hence, the detection of surge should be as quick as possible, which promotes

the focus on surge precursors research [2], 47].

1.4.2 Inlet recirculation as a precursor of surge

Inlet recirculation can appear before surge in some compressor configurations
[43, 8], thus its detection can serve as a surge warning. A study of inlet recircu-
lation potential for indicating the onset of surge was undertaken by McKee et al.
[41], where they proposed a dedicated device to measure the velocity of the recir-
culating flow before impeller as a surge onset warning. With this method, they
were able to increase the compressor operating range by approaching the surge
line closer, while ensuring the safety of compressor operation. They claimed that
the presence of recirculating flow was the only consistent and well-detectable
surge indicator. However, the recirculation was not observable for all the tested
impellers, as they noted a lack of this phenomenon prior to surge in shrouded,
radial impellers.

More recent studies performed on turbocharger compressors [16], [40] and
industrial compressor [60] noted that inlet recirculation appears, but it is not
the ultimate surge precursor as it disappears at some distance before surge. In
those studies, the last instability prior to surge was rotating stall or similar
structures. Numerical and experimental studies by Poujol et al. [34, [82] per-
formed on an aeronautical compressor with inlet guide vanes demonstrated that
rotating instabilities, resembling stall, disappeared at the onset of inlet recircu-
lation. Therefore, inlet recirculation was not a direct precursor of surge in the
investigated machines. Hence, the presence of inlet recirculation can be used
for detecting surge proximity, but it cannot always be considered the ultimate

surge precursor.
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1.4.3 Rotating stall as a precursor of surge

In a number of studies it was noted that the onset of surge was preceded by
rotating stall [2]. One of the very first attempts at detecting surge precursor was
in 1946 by Bullock et al. [83]. Before the compressor surged, they noticed the
presence of small, irregular pressure pulsations of low magnitude. It is possible
that what they observed was a signature of a rotating stall. A thorough analysis
of surge precursors for different compressors was presented by Ribi [2]. The
review was based on studies between 1955 and 1991, where surge precursors
were noted by the authors of those studies. In most cases, a combination of
unshrouded rotors and vaneless diffusers was used. The compressors operated
within a wide range of Mach numbers (from 0.13 up to 1). The precursors were
mostly rotating stall or mild surge, however a different behaviour of different
compressors on a path to deep surge was noted. For a number of cases, the
presence of rotating stall was followed by mild surge, but it was not always a
rule [2]. Overall, no generalized observations regarding centrifugal compressor
surge precursors were made due to differences in reported studies. It might
be considered evidence that the differences in machine design and operating

parameters transfer into different behaviour in off-design conditions.

1.4.4 Precursors to rotating stall

Rotating stall can be a precursor of surge, but due to its effect on the compressor
performance, detection of stall predecessors was also of interest. Stall onset was
shown to be detectable with a number of methods. One of them relies on the
well-described stall onset mechanism, being modal wave stall [84]. By measuring
the characteristics of pressure waves, the stall onset proximity can be defined
[84]. Tt was shown that waves are present even for stable operation of the
compressor, but their parameters change when approaching stall [60]. Reaching
stall through amplification of the modal waves gives rise to progressive stall.

Setting an appropriate threshold allows for early detection of this type of stall
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[85], however, it does not aid quick detection of spike-type stall inception, which
is more unpredictable and does not have to provide a clear indication of its
proximity prior to inception [7]. Liu et al. [85] did show that certain precursors
could be found through chaotic behaviour of the pressure signal, but they appear
only a few revolutions before the onset, leaving little time for reaction.

To address that issue, another method was proposed. The pressure signal
inside the compressor, especially close to the impeller, is strongly affected by
the blade passing signature. The blade pass character and its alterations while
approaching the unstable region can be employed to detect stall proximity.
This is demonstrated in Figure [[.1I] With each blade pass, a certain pressure
signature is expected. This signature tends to be stable for the design operating
conditions and changes when instabilities appear [86]. Deviation from expected
pressure trace can be used to assess the onset of stall. It was shown by Dinghra
et al. that approaching rotating stall, the disturbances to a standard pressure
trace appear more often [87]. This observation can be used for the proximity
of onset prediction, however, this approach bears a certain level of stochasticity
to it.

| —— Stable conditions
i —— Unstable conditions

Blade pass

Pressure

Time

Figure 1.11: Visualisation of a blade pass character change for unstable condi-
tions; depending on the instability, the change can be different both in terms of
the character and the frequency of the occurrence

A study by Young et al. [86] confirmed that for an axial compressor, the
blade pass pressure trace can be used for stall onset prediction, but the ob-

servations differ depending on the tip clearance and the level of eccentricity.
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The viability of this approach for centrifugal compressors was proven by Zhang
et al. [88] where the character of pressure trace deviation from the ensemble
average was quantified in a statistical manner. Computing the irregularity and
skewness of the deviations was used as a pre-stall indication. In their study, the
presence of inlet recirculation was also noted. It was shown that it precedes the
appearance of stall but could also remain present alongside stall in the unstable
range.

Another approach is related to the detection of a jet-wake structure that can
appear at low flow rate conditions, as shown in Figure It gets amplified
with decreasing mass flow rate, leading to a point where the flow detaches from
the blade and the impeller stalls. At the interface of high and low velocity flow,
a Kelvin-Helmholtz instability can be formed [66]. This is a flow phenomenon
happening when two zones of different lateral velocities meet, resulting in the
appearance of a vortical structure at their interface. Kelvin-Helmholtz insta-
bility was shown to appear before the onset of rotating stall in a centrifugal
compressor. However, it is difficult to detect in a rotating frame of reference
due to interference with rotational speed, but also holds the potential for being

an early detection feature [66].

SEPARATED | UNSEPARATED
JET l

Figure 1.12: Jet and wake structure due to separation of the flow on a suction
side [7]
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1.4.5 Order of instabilities in centrifugal compressors

The understanding of physics of instabilities has developed over time, with a
number of studies in the field [7,[2]. Generalising the behaviour of compressors at
low mass flow rates has proven to be challenging due to the significant variability
in machine design and the resulting variations in off-design operation.

Recent studies on turbocharger compressors provide more information on
the development of instabilities and their precedence [43] §]. It was shown
that the order of instabilities for a given compressor can vary depending on
the rotational speed of the impeller [§] (Figure [1.13)). For the lowest rotational
speeds range (60 to 80% of rated speed), instabilities appeared in order: inlet
recirculation, rotating stall, mild surge, surge. At 90% the mild surge was
present first before inlet recirculation, which directly preceded surge. For this
speed, rotating stall was not observed. At 95% surge was directly preceded by
mild surge, while for 97 and 100% there was no apparent precursor present [§].
Similar observations were made by Sun et al. [43]. Considering three rotational
speeds of 50, 80 and 100 % of the rated speed, they observed a different order
of instabilities for different rotational speeds. For each rotational speed, the
ultimate surge precursor was different. It was a mild surge for the lowest speed,
inlet recirculation for moderate and rotating stall for the highest.

There are no general rules regarding the instabilities order when decreasing
the mass flow. Furthermore, some instabilities may not be observed for some
speed lines. Consequently, a comprehensive instabilities detection system should
be capable of capturing and distinguishing different instabilities using their sig-
nature. Then, the state of the compressor at each instant of its operation can
be understood and appropriate reaction can be defined, which would depend
on the type of machine and the expected risk associated with the presence of

instabilities.
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Figure 1.13: Compressor map with instabilities detected for different rotational
speed; based on [§]

1.5 Data-driven instabilities detection

To provide a comprehensive detection of different compressor operating condi-
tions, it may be possible to leverage data-driven techniques. The data obtained
from the compressor is rarely comprehensible in a raw state. Therefore, it has
to be processed to obtain the indication of instability. Different physical signals
can be used for detection, such as pressure, vibration or temperature. They
can provide different insights into the compressor operation, capturing different
aspects of the instabilities. In each case, the raw data has to be appropriately
processed to gain insights into the system stability.

Considering the field of instabilities detection in centrifugal compressors,
methods of increasing complexity were developed over the years. Through the
analysis of the literature, six groups of approaches were defined, based on the

main processing idea. Those are as follows:

e Time-domain methods,
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Frequency-domain methods,

Time-frequency methods,

Correlation methods,

Chaos-based methods and entropy,

Data-driven decomposition methods.

The groups listed above do not form disjoint sets, as the methods overlap
to some extent. For example, correlation methods can be considered for both
the time domain and frequency domain [I8] [65], some chaos indicators are de-
fined based on the time domain statistics of a signal [89], while decomposition
methods often provide a number of time series that can be processed with any
of the above approaches [90, [9T].

The aim of the division proposed in this thesis is to structure the litera-
ture by highlighting the main focus of the contributions. It should provide a
clearer picture of the field of data-driven instabilities detection in centrifugal
compressors. On the basis of the literature review, it is possible to identify
the gaps in knowledge and define research directions that address these gaps.
Each of the categories is described, providing its main idea in the context of the
physical signature of instabilities and listing the most important contributions.
The contributions are summarised in Table [L.1], with a short description of the
processing idea, the category they were assigned to and the types of instabilities

detected.

1.5.1 Time-domain methods

Time-domain methods focus on the signal characteristics and their changes in
the time domain. Commonly, these methods exploit statistical parameters such
as mean, standard deviation, kurtosis or crest factor, which are expected to

change with the onset of unstable conditions. Pecinka et al. [92] used standard
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deviation of pressure signal as a measure of a surge onset proximity and have
shown that it can be applied to a centrifugal compressor operating in a jet
engine. The standard deviation of pressure and temperature were demonstrated
to be good indicators of mild and deep surge [46, 03]. Liskiewicz [9] proposed a
metric called rate of derivative fluctuations (RDF), based on a pressure signal
and its derivatives. It computes the changes in derivatives of the pressure signal
over time, detecting when the changes are becoming more abrupt. RDF, related
to some extent to standard deviation and kurtosis, was used as a surge proximity
indicator [94].

All of the time-domain methods rely on the detection of an altered character
of pressure pulsation happening before the surge onset. These methods have
been applied to detect surge, but not for inlet recirculation or rotating stall.
The biggest disadvantage of the time-domain approach is that in the majority
of implementations, it does not offer the possibility to differentiate instabilities.
The onset of each unstable structure would cause a change in signal statistics
compared to the stable regime. However, the character of those changes may not
be differentiable with time-domain statistics. Therefore, time-domain methods
can be used for instabilities detection but they do not offer the possibility of

constructing a comprehensive instabilities detection system.

1.5.2 Frequency-domain methods

Frequency methods rely on the frequency spectrum and its changes between
different conditions to detect instabilities. In this way, a better understanding
of the signal composition is obtained, as the spectral character of the observed
fluctuations can be understood. It allows not only to detect the presence of
unstable conditions but also to define its type.

The spectrum of a signal is often complicated and does not provide a direct
indicator of conditions. Hence, it has to be interpreted to provide an indica-

tion. To avoid manual interpretation, some methods rely on the summation of
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some parts of the spectrum, characteristic of instabilities. Bianchini et al. [5§]
proposed a criterion for vanless diffuser rotating stall detection based on a sum
of the spectrum energy in the subsynchronous range. The presence of rotating
stall would be visible in an increased amplitude for stall frequency, which is
mostly below the rotational speed of the machine [7]. To account for differences
between compressors and offer universality of detection, the sum of the spec-
trum is normalized by the blade passing frequency energy. This approach was
validated by Romani et al. [95], demonstrating its applicability for different
machines.

A similar approach was proposed by Courtiade et al. [96], where the energy
of frequencies associated with instabilities, normalized by the mean of a static
pressure, was used for surge detection. A range of frequencies was used rather
than a specific value, as the signature of instability can vary in frequency. The
power spectrum of structural response and noise generated by the compressor
was thoroughly investigated by Reggio et al. [63]. They showed that significant
diagnostic information can be obtained from the vibration signals collected from
compressor housing at both, subsynchronous frequencies as well as frequencies
much above the rotational speed. The latter might need more sophisticated
processing techniques to be extracted and can be more dependent on the com-
pressor housing design that affects the vibration response of the structure.

Spectral analysis of the pressure signal was employed by Liskiewicz et al.
[97]. In that study, the aim was to identify the information that could be ob-
tained with the use of a pressure spectrum rather than propose an indicator
of instabilities. For each operating point, defined by the level of throttling, a
power spectrum of a signal was computed. Combining the spectra, a spectral
map was created where the characteristic instabilities frequencies could be iden-
tified. This approach may be useful for the identification of the presence and

character of instabilities in research settings, but it is not directly transferable
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into a detection system because of the need for interpretation and long signal
acquisition time.

As much as spectral analysis can help to understand the phenomena taking
place in the compressor system, it has its limitations. One of the most commonly
used approaches for spectral analysis is Fourier transform (FT). Its underlying
assumption is that the power spectrum is constant in time. It is often not
the case for signals from centrifugal compressors, especially when approaching
unstable conditions. Averaging the power spectrum for long input signals can
blur information that could be extracted when investigating the variation of the

power spectrum [57, [65].

1.5.3 Time-frequency methods

Time-frequency methods deal with the shortcomings of the frequency methods
as they allow tracing the changes in the power spectrum in time. Time-frequency
approach also helps to identify changes in signal structure that might be used
for quantification of intermittent compressor states and detection of instabilities
onset proximity [65].

Time-frequency representation can be obtained with a number of methods,
that differ in performance [98]. One of the popular methods is the short-
time Fourier transform (STFT), which extends the use of FT to capture time-
variability. It was shown to be applicable for predicting surge onset in com-
pressors [65, 99]. Although commonly used, the method suffers from time and
frequency resolution limitations which arise from Gabor limit [100].

A better frequency resolution can be obtained with continuous wavelet trans-
form (CWT). It was introduced in the application to compressors instabilities
detection by Liao et al. [I0I], and researched for other machines by Horodko
[57] or Brown et al. [I02]. Surge and stall were targeted in those studies, and
it was shown that CW'T can be useful for instabilities detection and that it can

provide quicker information of instabilities onset than Fourier transform [102].
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The interest in the application of wavelet analysis has been revived recently with
studies from Wang et al. [64], Liu et al. [85], Silvestri et al. [I03] or Zhou et al.
[104]. In those studies, the applicability of wavelets-based time-frequency anal-
ysis was studied, demonstrating again that it is possible to differentiate stable
and unstable conditions with CWT. However, in most cases, no specific indica-
tors of instabilities were proposed. Despite the high potential of CW'T, several
concerns about its application were raised [105]. They regarded mostly the
fixed base of the transform, which can decrease the accuracy of the indication
if the chosen mother wavelet does not conform well with the signal characteris-
tics [I06]. Some concerns regarding the pace of processing were also voiced in
the context of using CWT for online detection, indicating it is a relatively slow
method [105].

A different method to obtain a time-frequency distribution is through Wigner-
Ville distribution (WVD) [107]. It offers very good resolution in both time and
frequency, but is highly computationally intensive in both time and memory
needed, therefore it was not widely considered for real-time instabilities detec-
tion [65]. However, the high time and frequency resolution of WVD make it a
very good tool for research and visualisation purposes [65, [10§].

Time-frequency methods can provide a very good insight into the overall
structure of the signal, capturing the temporal changes in its spectrum. How-
ever, they tend to be either computationally expensive, like WVD or limited
in their resolution, like STFT [65]. In addition, those methods provide a com-
plex output that has to be interpreted. Translating it into an indication is
not straightforward, hence the time-frequency domain methods often serve as a

diagnostic and research tool [65].

1.5.4 Correlation methods

Correlation methods are another set of approaches differentiated in this thesis.

They often rely on the time-domain or frequency-domain methods, but leverage
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those approaches for a specific aim. Correlation methods focus on the identifi-
cation of coherent structures in the signal, which are either amplified or damped
with the onset of instability [65].

One of the approaches is based on the correlation of blade pass signature
[86]. The pressure signature obtained from a single sensor located close to the
impeller is compared for subsequent blade passes. It has been shown for an axial
compressor that when operating at stable conditions, the correlation between
subsequent blade passes is high. However, when the compressor approaches
unstable conditions, the correlation of certain passes drops [86]. This drop
can be associated with a local flow detachment, which at the early stage of
instability development is quickly suppressed and does not lead to the onset of
rotating stall. Dhinghra et al. [87] have shown that a singular low-correlation
event may happen far from the actual instability onset. Such an event is to a
certain extent random, therefore its isolated occurrence is not a valid indicator
of change in conditions. However, those events are becoming more often when
approaching unstable conditions, hence they can be considered precursors of
instability onset. To quantify the frequency of occurrence, the distance between
subsequent drops in correlation coefficients can be used [87].

There exist a number of factors, such as eccentricity or tip gap that can
influence the metrics based on pressure correlation [86]. The blade pass sig-
nature is stronger for axial compressors than for centrifugal ones. To obtain
a clear indication of the blade pass of a centrifugal compressor, a number of
conditions has to be met. It has to be a high-pressure unit and the acquisition
system must be able to provide high sampling frequency for sufficient resolution
on high-speed machines. It is still possible that for highly off-design conditions,
the blade pass signature becomes undistinguishable [I09].

An extended study of using the blade pass correlation for centrifugal com-

pressors was presented by Zhang et al. [88]. Similarly to [87], they measured
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the deviation from a pressure signature for a number of blade passes. Further-
more, they accurately measured the magnitude of the deviation and statistically
analysed the data, using the irregularity and skewness of the deviations as indi-
cators of stability. Differences could be seen between stable, inlet recirculation,
stall and surge conditions with this approach. However, considering the less
clear waveform of a centrifugal compressor pressure, the indication was based
on statical parameters of the obtained differences for a number of blade passes,
rather than separate measures for each blade pass [88]. This implies that a larger
number of blade passes must be observed for centrifugal compressors than for
axial ones when using a method based on blade pass correlation.

Certain aspects of correlation and repeatable behaviour of a signal can be
explored by cyclostationary analysis. This framework offers a way for detailed
investigation of cyclic components in the signal and detecting modulations of
different nature [I10]. The basic idea of cyclostationarity is that a signal has
periodic components, which can be extracted from it, for example through en-
semble averaging. Then, different aspects of the remaining part can be used for
construction of indicators [I10]. It has been widely applied in many branches
of condition monitoring, but its application to pressure signals was limited. Ju-
rdic et al. [108] proposed a cyclostationary spectral analysis to study a wake
character from a low-speed fan. The objective of the study was to examine
the relationship between turbulence characteristics and the generation of noise.
Interestingly, a similar approach could also be applied to distinguish between
stable and unstable conditions. Stajuda et al. [I09] aimed to exploit cyclosta-
tionary for the detection of instabilities in a centrifugal compressor. Although
the study showed some potential, it was not fully conclusive due to marginal,
but detectable variability of the rotational frequency of the compressor.

It might be possible to detect instabilities through the vibration signature
of the compressor elements. Botero et al. [61] applied cyclostationary analysis

to detect rotating stall in a pump-turbine, using cyclic spectral coherence of
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vibration signal obtained from the diffuser vanes. The detection of stall was
successfully demonstrated for the instability that was developed, with precise
measurements taken from a strategically positioned vane at the anticipated stall
area. If the vibration signal from the housing of the machine was to be used, the
identification of the instability might have been more difficult due to a transfer
function dependent on the housing mass, material and geometry [63]. Vibration
and acoustic signature were investigated with cyclostationarity by Munari et
al. [I11]. It has been demonstrated that stall and surge can be identified by
analysing the vibration response of the compressor. However, it should be noted
that the findings may vary depending on the specific flow system to which the
compressor is attached.

The challenge in applying cyclostationary analysis to instabilities detection
in centrifugal compressors might arise from the physical characteristics of the
signal. There are two possible sources of periodicity in the compressor signal.
The first one is the impeller rotation. Since the rotational speed may fluctuate
or change in time, the signal is then periodic in the domain of the shaft rotation
angle. The other source are instabilities. The periods of instabilities are not
directly related to the rotational speed of the compressor. For example, surge
frequency is dependent on the whole compressor system [22], therefore it should
be considered in the time domain. Thus, cyclostationary approach, well suited
for vibration signals where there is often a single source of periodicity, may not
be advantageous for instabilities detection.

Another correlation-based approach described in the literature is based on
cross-correlation between two sensors. This configuration is commonly used
in the research of rotating stall [55, [56], 57]. The sensors are often located at
the same radius but shifted in an angular position. This way, it is possible
to detect structures travelling around the annulus and define their velocity by
investigation of the signal shift between the sensors [56]. The shift between the

sensors has to be carefully chosen to avoid uncertainty related to the number
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of cells and their speed [50]. With a pair of sensors, it is also possible to detect
rotating pressure waves that would otherwise be indistinguishable due to noise
in the signal [60]. Such pressure waves may be considered a precursor of rotating
stall [7]. Two practical correlation-based approaches were demonstrated for stall
detection, with Horodko [60] using the correlation of CWT coefficients, while
Bianchini et al. [56] took advantage of signal cross-correlation.

The approach based on cross-correlation is suited mostly for the detection
of rotating stall and its precursors. It requires two sensors to operate, but it
only allows one to identify a single type of instability. The detection of other
instabilities requires different types of signal processing, therefore the cross-
correlation method would not provide a comprehensive instabilities detection
capability.

The correlation analysis is a powerful approach, targeting the physical as-
pects of instabilities. However, it has a number of practical limitations. To
effectively use the correlation of the blade pass signature, it is important to
identify a specific location where a coherent cyclic signal can be obtained. For
a centrifugal compressor, it may be over the blade or in the diffuser, as close
to the impeller as possible to avoid the influence of mixing. The measurement
over the blade not be possible if a shrouded rotor is considered. If a machine
has a relatively low pressure ratio, the blade pass signature might quickly lose
its cyclic character with decreasing mass flow [109], increasing the uncertainty
of the indication. What is more, the variation of rotational speed can cause
disturbances in time-resolved measurements. To avoid that issue, the measure-
ments should be related to or at least resampled to the shaft angle [110]. A
disadvantage of the time-domain correlation approach is the need for a distinc-
tive blade-pass signature and sufficient sampling frequency to provide a certain
blade-pass resolution. This is mostly possible for axial compressors, where a

strong and undisturbed marking of a blade passing is visible in the pressure
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signal and the rotational speed is often lower than for centrifugal compressors

[10].

1.5.5 Chaos-based methods and entropy

Another type of approach relies on quantification of the chaotic behaviour of
the signal. It might be considered complementary to other approaches such as
cyclostationary approach or time-frequency methods, which focus on detecting
repeatability and patterns in the data [I10]. When approaching unstable opera-
tion, the mass flow decreases and the pressure signal in the compressor becomes
more chaotic and some erratic pulsations can be observed [83]. The pulsations
can have a specific frequency, as expected for rotating stall and surge or be more
random, such as for inlet recirculation or some transient states [43].

The pressure signal from inside the compressor is inherently chaotic at some
scales due to the turbulent character of the flow [I12]. Both random and periodic
structures coexist in the compressor, but their relation can change for different
operating conditions [97]. There exist a number of methods that can be used
for the assessment of the chaotic behaviour of the signal.

One of the approaches exploits the concept of entropy. In information theory
and signal processing, entropy can be understood as a measure of the rate of
new information generation in the signal [I13]. If a signal is fully deterministic,
the entropy is low. If it is chaotic, the entropy is high. There exist a number
of entropy measures, which differ in computational procedure and the exact
interpretation [114].

One of the measures applied to compressor conditions classification was
based on sample entropy. Zhang et al. [115] proposed the application of im-
proved sample entropy for the detection of rotating stall in an axial compressor.
It was shown that due to the increasing complexity of the signal before the onset
of stall, an increase in entropy takes place. That increase precedes the onset of

stall by several revolutions, thus such feature can be used for early detection.
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An extensive study of approximate entropy for instabilities detection in cen-
trifugal compressors was performed by Lou et al. [I16]. It was shown that an
increase in entropy can be used to detect the onset of rotating stall. Similar
results were obtained for two machines of different characteristics, proving to
some extent the universality of the approach.

Another study employing a different measure of entropy was done by Hong
et al. [I17], where permutation entropy was used to detect rotating stall in an
axial compressor. Similarly to the studies investigating sample and approximate
entropy [115] [1T6], a change in entropy was noted for the stall inception region,
making differentiation of this state from stable operation possible.

Although entropy can provide a good understanding of machinery condi-
tions, it is very sensitive to the choice of parameters. Approximate entropy
requires four different parameters to be set. Their incorrect or sub-optimal
choice can have important consequences on the detection performance [116].

Another approach coming from the field of chaos is based on Hurst exponent.
Hurst exponent can be used for quantification of correlation and memory of a
time series [77]. With this approach, the level of pressure fluctuations and their
coherence at different scales can be quantified. The algorithm also requires
empirical input regarding the choice of the timescale for computation, but it
was shown by Kerres [89] in a comprehensive study that Hurst exponent can
serve as a surge indicator in centrifugal compressors. Hurst exponent, was also
investigated by Liu et al. [I18] for surge detection. It was demonstrated that
it can capture the transition to surge, however its advantage over the variance
of the pressure signal was not clearly evidenced. Kerres [89] noted that for
the Hurst exponent to be indicative of surge conditions, a sample containing a
number of surge cycles has to be used. Hence, such a system may provide too
low responsiveness to be considered a valid anti-surge solution [I8].

Overall, the methods based on chaos and entropy are a potential solution for

condition monitoring in centrifugal compressors. However, their interpretability



1.5. Data-driven instabilities detection 44

remains limited as with changes of parameters, it is possible to obtain entirely
different results [I16]. The need for optimisation of parameters, their high num-
ber and interdependencies make the application of those methods challenging
and negatively affect the interpretability. In addition, the prevalence of chaos-
based methods over other approaches is not proven as none of the presented
studies tried to compare entropy-based detection to more standard ones, while
some hints regarding the comparison show that time-domain statistics could
give similar results [I18]. The computationtion of entropy is also a resource-
intensive process, rendering this approach challenging in implementation for
real-time compressor monitoring [I13]. Most of the applications of entropy
found in the literature focus on a single instability, either rotating stall [IT16] or
surge [117], which may suggest that the detection of multiple instabilities with

the same set of parameters is challenging.

1.5.6 Data-driven decomposition methods

Another set of methods used for instabilities detection are data-driven decom-
position techniques. They process a signal and divide it into a number of com-
ponents based on different principles. Those methods are termed data-driven
as the decomposition base is dependent on the data and not fixed as in the case
of the Fourier transform or wavelet transform. Adaptability to the data could
provide better decomposition results, compared to the fixed-base decomposition
[119].

The aim of applying the decomposition in signal processing can be very
different, ranging from removing the noise or discovering the trend [90], 120],
isolating the signature of interest through a single or a number of components
[91] or separating different sources in the signal [I2I]. There exist a large num-
ber of methods that differ in principles of the decomposition [119]. Most of
them can deal with signals of different origins and physical character. The

signals from mechanical sources are often complex and composed of a number
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of overlapping sources. Hence, the decomposition methods are a commonly
used approach in the field of condition monitoring or fault detection to separate
different components of the signal [122].

There are several data-driven decomposition methods used in the field of
condition monitoring. The most popular ones can be divided into two families,
based on the processing idea they exploit [119]. The first family takes advantage
of the signal waveform shape in the time domain. An important method of this
kind is empirical mode decomposition (EMD) proposed by Huang et al. in
1998 [90]. A number of methods followed, exploiting a similar concept, such as
intrinsic time-scale decomposition (ITD) [123], variational mode decomposition
(VMD) [124] or local mean decomposition (LMD) [125].

The other family of approaches used in the field takes advantage of the ma-
trix decomposition. The methods include principal component analysis (PCA)
[126], singular value decomposition (SVD) [127], dynamic mode decomposition
(DMD) [128] or singular spectrum analysis (SSA) [91]. PCA, SVD and DMD
are often applied as dimensionality reduction techniques in a number of domains
[127, 128] but can also be applied for component extraction in signal analysis
for fault detection and condition monitoring [129, 130]. SSA is more commonly
used for signal decomposition in condition and structural health monitoring
[131], as it is suited for the decomposition of time series [91].

Despite important advances and the maturity of a number of decomposition
methods used for condition monitoring or structural health monitoring, the field
of instabilities detection using decomposition methods remains relatively unex-
plored. With a vast number of studies performed in condition monitoring and
fault detection in mechanical systems as indicated in review papers [132, 133,
decomposition methods are a comprehensive set of tools that have the poten-
tial to be used for robust and sensitive condition monitoring. The problem of
aerodynamic instabilities detection in centrifugal compressors is, in principle,

similar to condition monitoring [I19]. However, in detail, it differs from that of
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mechanical faults or structural damages. Firstly, the structural damage to be
detected is often permanent and can only aggravate over time, which is not the
case for aerodynamic instabilities. Secondly, the intermittency of instabilities
requires the detection to be quick, therefore the processing time as well as the
input signal length required for detection have to be limited. Consequently, the
developments in the field of condition motoring cannot be directly transferred
into instabilities detection without prior investigation for compressor monitor-
ing.

With the vast field of decomposition methods, it is difficult to provide a com-
prehensive comparison of all approaches. In a number of comparative studies,
the authors acknowledge the need of restricting the number of methods used in
comparison for the sake of clarity as well as due to the expectation of render-
ing similar results with closely related methods [122] [134]. The application of
decomposition methods to compressor instabilities detection was limited, hence
there are plenty of opportunities for the exploration of different approaches.
Having two families of methods based on different processing approaches, it is
chosen to investigate how the representative of each family performs for insta-
bilities detection. This could serve as a solid base for a comprehensive analysis
of the methods within the same family. This thesis focuses on two methods:
EMD, the most mature approach among empirical decompositions, and SSA, a
method well suited for time series analysis.

EMD [90] was initially developed for geoscience purposes, but it has been
widely used in many other applications, including gears [135], bearings [136] as
well as flow problems [I37]. EMD was widely applied in the field of condition
monitoring, as evidenced in the reviews [132, [138]. EMD decomposes a signal
by fitting an envelope to the extrema of its waveform and processing it in an
iterative manner. The process of extracting components is called sifting and
the components are termed intrinsic mode functions (IMFs) [90]. The base of

decomposition is dependent on the input data, making EMD highly adaptive.
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The components extracted from the original signal are expected to be inter-
pretable and meaningful, representing simple oscillations present in the system
[90]. In applications to very complex signals, the components tend to represent
specific frequency bands rather than simple oscillations. Therefore, to some
extent, EMD can be considered a filter, with a bandwidth dependent on the
number of sifting iterations [I39]. The IMFs are limited bandwidth and ordered
by their central frequency, with IMF 1 holding the highest frequencies, while
the last extracted IMF holds the lowest ones [90]. By altering the parameters
of EMD, it is possible to influence the width of a frequency band assigned to
the component and the total number of components [90].

EMD has a number of shortcomings which were identified within several
studies and summarised by de Souza et al. [140]. The most important ones
are end effects and mode mixing. End effects arise due to the procedure in-
volved in EMD, caused by the problem of fitting the envelope to the data at
signal ends [140]. The effect is notable when considering short signals and their
time-frequency representation, where the end effects can affect a major part of
the analysed sample. With longer signals, the influence of end effects on the
analysis is less significant. What is more, the end effects can be to some extent
addressed by extending the signal at both ends [I41]. There is a number of tech-
niques employed for signal extension [140]. In most applications, addressing the
end effects with any form of signal extension should not greatly influence the
outcomes of the decomposition, while reducing the impact of end effects [141].

The mode mixing phenomenon [90], is defined either as a situation where
a single IMF consists of waves of widely disparate scales, or waves of a similar
scale being present in different IMFs [140]. Often, the noise present in the signal
is defined as a cause for mode mixing [90]. If the noise alters the distribution
of extrema in the signal, the decompositions of the noisy data and noise-free
data can be significantly different [I40]. Mode mixing can lead to challenges in

interpreting and analysing the IMFs, as the mixed modes can obscure the true
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characteristics of the underlying signals. However, in certain cases, mode mixing
may be acceptable depending on the specific application, should appropriate
method parameters be selected [142]. It was also demonstrated that EMD in
its original form can perform well despite mode mixing [143].

Over the years, improvements to EMD have been proposed, with a num-
ber of them addressing mode mixing. Ensemble empirical mode decomposition
(EEMD) [144] assumes an addition of white noise to the signal before decompo-
sition and performing a sufficient number of independent decompositions that
are subsequently averaged. The presence of noise forces the algorithm to explore
all possible paths in the process of creating the components. A sufficient num-
ber of trials is necessary to average out the influence of the added noise. EEMD
was shown to be less prone to mode mixing, compared to EMD. However, the
procedure for EEMD requires numerous repetitions of the decomposition pro-
cess, with a suggested number of trials being around 100 or higher [144]. It
makes the method several orders of magnitude more time-consuming than the
original EMD.

Another variation to EMD is complementary ensemble empirical mode de-
composition (CEEMD) [145], which addresses some of the downsides of EEMD.
In CEEMD, a pair of realizations of a signal are used. For one, the white noise
is added and for another, it is subtracted. This limits the number of decom-
position procedures that have to be performed. As much as the method allows
decreasing mode mixing effects, it is sensitive to the choice of white noise pa-
rameters [145] and still requires performing more than a single decomposition.
Therefore, in a number of applications, the original EMD approach remains a
viable method [138], especially in applications where the mode mixing and end
effects are not very important [143].

The IMFs are time series, that often have to be furtherly processed to extract
meaningful information. Several approaches to the processing of the IMFs were

proposed in the literature. In the original manuscript of Huang et al. [90] EMD
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was coupled with Hilbert transform. It gave rise to Hilbert-Huang transform
(HHT), capable of providing a time-frequency representation of the signal [90].
This approach, although useful for the analysis of the signal, is not suited to di-
rectly provide indicators of conditions. It rather helps to obtain time-frequency
representation, similar to CWT or STFT. A number of studies focused on the
energy of IMFs, demonstrating that changes in energy can provide diagnostic
information. In those studies, either the absolute energy level of a given com-
ponent was used as an indicator [146] or it was the relation of the energy of
selected IMFs [I35]. In some studies, also other types of measures were used for
IMFs, such as statistical parameters [147] or entropy [148|. In practical terms,
any method applicable to time series could be used for the analysis of IMFs.
Despite a wide range of applications in many domains [132] [138], the use
of EMD and related decomposition methods for instabilities detection has been
limited. Basic studies confirming the potential of EMD for rotating stall [149]
and surge [78] have been published, however, a number of issues such as pace of
detection or influence of the changes in the parameters of decomposition were
not addressed. More recently Liu at al. [148] demonstrated the possibility of
surge detection with EEMD by investigating the changes in the entropy of the
components. Yue et al. [I50] have demonstrated that EMD can perform well
in obtaining a time-frequency representation of the data from a pressure sensor
in an axial compressor. They also demonstrated a possibility of improvement
of the representation by combining EMD with LMD. Wang et al. [15I] used
VMD to investigate the time-frequency changes in the pressure signal from a
centrifugal compressor. They have shown that data-driven decomposition of a
pressure signal can provide a very good insight into compressor operation.
EMD-related methods were also shown to be useful for the characterization
of the turbulence in the flow [112] 152], which might suggest that if the presence
of instabilities would cause a difference in turbulence scales, it could be captured

with such methods. Therefore, EMD has the ability to offer various insights into
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the pressure signal, which can be utilized to detect and characterize different
types of instabilities.

Signal decomposition with a fundamentally different idea than EMD is of-
fered by SSA. SSA is a principal component analysis (PCA) extension to time
series analysis [91]. SSA was initially applied mostly to atmospheric or geo-
science data [91]. Over the years, its application was extended to biomedical
signals [153], condition monitoring [I54], structural health monitoring [I55] or
studies on turbomachinery [I56]. SSA decomposes a signal into a finite number
of independent components, ordered according to the variance content in each of
them [91]. These components are called reconstructed components (RCs). SSA
is well suited for processing non-linear and non-stationary signals of different
origins. RCs are time series of the same length as the input signal and can be
furtherly processed.

With SSA, the signal is transformed into a matrix form by collating a num-
ber of lagged vectors, produced based on the original signal. Such a matrix
undergoes an eigenvalue decomposition and is subsequently reconstructed. The
details of the procedure can be found in [91]. The RCs are ordered by their
variance in decreasing order, therefore each subsequent component has a lower
contribution to the reconstruction of the original signal. SSA extracts all ro-
tational patterns included in the signal, also the non-linear ones [91]. RCs can
be used for trend identification, detection of oscillatory components, periodicity
extraction, signal smoothing, noise reduction, feature extraction and detection
of structural changes in time series.

SSA is often used for filtering the signals, assuming the low variance com-
ponents are due to noise and can be removed for obtaining a cleaner signal [91].
Then, a signal is reconstructed using only a selected number of components [91].
A different approach is to investigate the components independently, assuming

that selected ones hold the information of interest [156, 157].
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The challenge in the application of SSA lies in the selection of the intrinsic
parameters of the method. The crucial parameter is window length L, which
defines the embedding dimension in the decomposition. A number of studies fo-
cused on defining the window length for different types of analysis, but the issue
remains mostly case-specific [158, [159]. With too long a window, the signal may
get over-decomposed, which introduces the need for grouping of the components
[91]. By increasing the window length, the decomposition time also increases.
It is related to the size of the matrices to be used for computation, which are
defined by the window length. Therefore, when applying SSA for instabilities
detection, the goal is to find an appropriate window length in order to obtain
meaningful components, but avoid the need for grouping of the components and
limit the computation time required.

The application of SSA and related methods in the field of compressor insta-
bilities detection was limited. One of the first studies implementing a method
similar to SSA, was done by Komatsubara and Mizuki [160], where they used
SVD to improve the phase portrait representation of the system for stall and
surge. The SSA was applied to instabilities detection by Garcia et al. [150],
where they aimed to find the components that could be used directly for the
detection of surge in a centrifugal compressor. The work of Logan et al. [47]
has demonstrated a similar analysis, but aimed at finding the indicators of in-
let recirculation. It was shown that the signature of inlet recirculation can be
obtained through investigation of the energy of specific RCs. The quality of
indication and selection of RCs was highly dependent on the choice of intrinsic
parameters of SSA, mainly window length. The study did show the potential
of the method, however, the authors did not focus on demonstrating its feasi-
bility for real-time condition monitoring. Kozhukhov et al. [157] have used the
autocorrelation of a selected RC to identify the presence of rotating stall in a
centrifugal compressor. They focused on periodicity related to rotating stall to

detect the instability.
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Both EMD and SSA demonstrate strong potential as signal decomposition
methods. They were extensively applied in the field of condition monitoring
of machines and structures, providing very good results [I38, [164]. From the
available studies [47, [78, 151l [156] it could be concluded that further investiga-
tion of the decomposition methods for the purpose of building a comprehensive

compressor monitoring system is recommended.

1.5.7 Selection of a signal type for monitoring

A data-driven detection of instabilities is based on a live signal collected from
a machine. There are several physical quantities that can be measured with
different sensors and at different locations. From a practical point of view, the
measurement should introduce as little change to the compressor operation as
possible. It is also important to have it robust, easy to maintain and low cost.
Those requirements tend to be contradictory in many ways.

Various physical quantities can be used for indication, such as acceleration
caused by pressure [45], vibrations [65], acoustic emission [I11] or temperature
[I61]. The selection of the signal may differ depending on the compressor system
and the task of the monitoring setup. Measurements of some physical quantities
may be easier to perform than others, but they tend to be more difficult to
interpret.

Considering the difficulty of system adaptation and performing the mea-
surement, measuring noise with a microphone placed nearby the machine is the
easiest [65], T11]. No change to the compressor system is also introduced with a
vibration sensor mounted on the housing of the compressor [65]. Pressure and
temperature measurements are more difficult, as they require introducing some
alterations to the system. The pressure measurements are often performed with
high-frequency sensors, mounted flush to the compressor inner walls [45] 58)].
Temperature measurements for compressors are performed in the flow, there-

fore a thermocouple has to be placed in the flow path [42, [161].
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Being the easiest to perform, both acoustic and vibration measurements are
often difficult to interpret, especially for a complex system such as a centrifugal
compressor [65]. Vibration measurements are affected by the transfer function
of the compressor elements [I19], while acoustic data is prone to background
noise [65]. Temperature measurements were shown to be applicable for the de-
tection of a number of instabilities [40], [161], however, they offer a lower time
resolution of measurement and have larger inertia than pressure measurements.
The effect of temperature changes is dependent on the compression ratio of the
machine, hence the detection for low-pressure units may be less accurate. The
thermocouples have to be located in the flow field, creating an obstruction to
the flow while being susceptible to damage [46]. Pressure signal measurements
are the most commonly used for capturing instabilities as well as their differenti-
ation [47, 58|, 62, [77]. They offer high temporal resolution of the measurement,
which can be coupled with acquisition system supporting high sampling fre-
quency. Mounted flush to the walls, they do not obstruct the flow and are not
susceptible to excessive wear. Modern sensors are also miniaturised, enabling
their installation even for the smallest turbochargers.

Flow instabilities are aerodynamic structures that have a significant impact
on the flow and pressure within the machinery. The variations of the flow in-
duced by instabilities are the source of vibrations or acoustic emission, which can
also be measured for the purpose of detection. Using the signal registered at the
origin of instabilities should provide the quickest and most sensitive indication.
Pressure measurements were shown to be capable of providing quick informa-
tion about the onset of instability [62]. The downside of pressure measurement
is that it is often highly noisy, as flow turbulence has different timescales, which
are captured by the sensor. This problem can be addressed by applying signal
processing methods that can distil and enhance the information present in the

signal.
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1.6 Methodologies for instabilities detection and
classification

A general data-driven detection and classification process used in many branches
of the industry follows a number of general steps [I19]. First, the signal is
acquired and conditioned. Subsequently, it is processed to extract features that
can provide a better representation of the data in the context of the application.
The features can then be used for inference about the observed system. The
inference can be direct if the difference in the conditions is clear and a low
number of features is used. In more complicated situations, the decision process
can be supported with a classification algorithm.

The goal is to propose appropriate methods for each step of the methodol-
ogy to allow differentiation of the operating conditions or states of the system.
The crucial aspect in data-driven detection is obtaining the most informative

features, as they are vital for the accuracy of detection and classification [119).

1.6.1 Features extraction and feature space representa-
tion

The process of feature extraction is not straightforward and has been a subject

of research for a number of scientists [165, [166].

Feature extraction is a process where relevant information is extracted from
raw data to create a meaningful representation of this data. Different signal
processing techniques can be used for obtaining features and the extraction
approach should be suited to the investigated problem. Using features based
on experimental data, it is not possible to avoid the effect of noise. It can be
attributed to measurement errors or the unsteadiness of the process. The latter
is especially the case with pressure measurements in centrifugal compressors, as
turbulence at different scales are affecting the measurement. The presence of

noise leads to the dispersion of a feature, even if it represents the same operating
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conditions. The dispersion is understood as a width of the distribution of feature
values with respect to the mean value. The dispersion can differ, depending on
a number of parameters such as the processing method, its parameters or signal
length. This results in the need to consider the stochastic nature of the features.

The features should allow differentiating the conditions of the system, so
they are to have a different value for different operating conditions. Using
EMD or SSA, the obtained features can be considered interpretable [90] O1] as
specific physical aspects of instabilities are targeted. Hence, using data-driven
decomposition techniques, it is possible to obtain interpretable features that can
be related to instabilities. The features can be based on specific components
that best isolate and highlight the physical characteristic of instabilities [47],
a combination of components [91] or some metrics derived from the obtained
components [148]. It was shown that data-driven techniques can be used for
extraction of instabilities features in centrifugal compressors [47, 148 162].

With the decomposition techniques, it is possible to increase the dimension-
ality of the signal by producing a number of features from a single measurement.
This can allow the differentiation of instabilities with a number of features ob-
tained using the same decomposition method and the same input signal. It can
importantly increase the responsiveness and limit the complexity of a detec-
tion system. It is desirable to have a single feature for distilling a signature of
each instability, as then every instability can be monitored independently. The
features can also be used jointly for a compound indication of conditions.

The increased dimensionality of the data can be explored through the fea-
ture space. The feature space represents the set of all possible combinations
and values of features that describe the data. Each measurement is typically
represented as a data point, the location of which is defined by the vector of
feature values. The feature space dimensionality is defined by the number of

features used. By representing the data in the feature space, it is possible to take
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advantage of all features in a joint manner and apply a number of algorithms

for data classification.

1.6.2 Decision-making

There are several strategies that can be used for inferring the condition of the
system based on the features. In the most basic approach, a single feature may
be considered for the representation of two different conditions present in the
system, as shown in Figure[1.14a. Then, the differentiation can be made based
on the value of this feature. The decision threshold can be introduced to enable
the classification of new points. It is possible to establish such a threshold based
on a single class, consequently, the other class does not have to be sampled. In
the case of compressor instabilities detection, it implies that the compressor
does not have to be operated in an unstable regime. It helps to limit the risk

of machine damage while obtaining the data for the classification model.
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Figure 1.14: Feature values for different number of classes to be differentiated
with a single feature a) two conditions; b) three conditions; differentiating three
conditions with a single feature requires establishing two thresholds, marked
with red line

The interpretable threshold approach is the most commonly met in the lit-
erature on instabilities detection in centrifugal compressors [47, 58] [78]. The
authors show that a certain feature has different values for stable and unstable

conditions therefore they can be distinguished by this feature value. It is also
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possible that a given feature takes some distinct values for different conditions
(Figure and this property can be used for their differentiation [162]. The
disadvantage of such an approach is that the thresholds can no longer be estab-
lished based on a single class of conditions and at least two out of three classes
have to be mapped.

Most of the studies focus on a single instability, however by increasing the
number of features, more states can be differentiated. It was demonstrated
that by examination of the pressure signal, it is possible to detect different
instabilities within a compression system [§]. However, a comprehensive method
for such detection without the need for expert examination was not proposed.

Most of the physical processes are burdened with noise that results in the
dispersion of the features based on such signals. The extent of dispersion can
depend on a number of factors, including the process dynamics, input length
and noise level. For accurate classification, the features for different conditions
should not overlap in the feature space. Hence, it is important to ensure that
not only mean values are different, but also that dispersion is low enough with

respect to the means.
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Figure 1.15: Distribution of the features for two different conditions a) disper-
sion of the points with x showing the mean; b) box plot related to the distri-
bution; the mean values for the clusters differ, but their distributions overlap
in the feature space, investigating single points from each class it is possible to
find such that their values differ, but it does not ensure accurate classification
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In order to ensure the feature’s robustness, it is essential to evaluate it with
a variety of input signals. Relying on a single observation can often lead to
misleading conclusions. This issue is demonstrated in Figure where the
mean values of the features for two classes are different, but the dispersion
makes those features overlap, preventing accurate classification. By selecting a
single point from two classes, it is possible to find such that they have different
values of the feature, but it does not guarantee accurate classification for all the
points from two classes.

The variability of the features is rarely investigated for compressor instabili-
ties detection, despite its great importance in practical applications. One of the
studies acknowledging the stochastic nature of the pressure signal was done by
Dhingra et al. [87]. It was demonstrated that the detection of a singular change
in signal characteristics does not have to indicate the onset of instability, as
such events may happen randomly during normal operation. Therefore, it was
recommended to investigate a number of consecutive periods for the purpose
of detection. Xue et al. [162] proposed an indicator based on the entropy of
a pressure signal and demonstrated that such a feature can be used for accu-
rate detection. However, the aspect of dispersion was not investigated in detail.
The dispersion of the data was also considered by Kerres [89], who investigated
Hurst exponent as a surge indicator. It was indicated that good accuracy can
be obtained if the input signal length is of several surge cycles. The majority of
research studies neglect the stochastic aspect of indicators, simply showing that
the characteristic derived from a chosen signal input allows for distinguishabil-
ity. It is possible that conclusions similar to that drawn by Kerres [89] would
be obtained for other methods such as [47, 65, 94], rendering them unsuited for
quick instabilities detection.

A clear distinction between the classes based on a single feature may not
be feasible in some cases. Then, it may be possible to increase the number of

features to separate the conditions. With a multi-dimensional feature space,
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the boundary between conditions can have different shapes. Considering the
2-dimensional feature space for ease of visualisation, the separation may be
possible either with a linear boundary or a non-linear one (Figure [1.16). The
shape of a non-linear boundary can be provided in many ways.

Constructing optimal boundaries between conditions can be done with clas-
sifiers. A classifier is an algorithm used to assign labels or categories to newly
observed input data based on previously known features and their patterns [167].
Classifiers can be supervised or unsupervised [168]|. A supervised classification
algorithm is trained on a portion of data with defined classes and aims to find
the best separation between the classes, which is then used for new inputs. The
research regarding classifiers and classification approaches is extensive in many
fields [167]. Many engineering challenges to be solved with a data-driven ap-
proach can be expressed as classification problems [168] and the same applies

to instabilities detection problem in centrifugal compressors.
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Figure 1.16: Conceptual representation of boundary types for 2-dimensional
feature space and binary classification a) linear boundary b) non-linear bound-
ary

The use of classifiers is not common for instabilities detection in centrifu-
gal compressors. In mosts, the classification aspect is not mentioned explicitly.
Researchers focus on single instabilities and demonstrate a feature that can

provide a difference between conditions [47), [68]. Hence, a simple threshold is
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provided, commonly based on the maximum of reference conditions to demon-
strate a change occurring for unstable conditions [78], 94]. The feature used for
classification often has a physical interpretation, so the threshold imposed on
such feature can also be interpreted.

There exist a number of classification algorithms that were applied in the
field of engineering [169]. The two commonly used types of classifiers are k-
nearest neighbours (k-NN) and its variants [I70], as well as support vector ma-
chine (SVM) [I71]. However, recent developments evidence that classifiers with
probabilistic output can provide similarly good performance while providing
higher interpretability of the classification [172].

Apart from interpretable classifiers, there also exist a large group of deep
learning methods that could possibly be used for instabilities detection [I73].
Those approaches are often regarded as 'black box’ models, because their in-
ner processing mechanisms are unexplainable. However, such models, if trained
with a sufficient amount of input data, can often provide a high-accuracy clas-
sification for complex problems [I74]. Their advantage is that they can operate
directly on raw data, eliminating the need for feature engineering, which is often
time-consuming and requires expert knowledge [I19]. However, deep learning
models often require a large amount of training data to perform well. Above
all, such models lack interpretability, which is very important in safety-critical
applications such as centrifugal compressor instabilities detection. Hence, deep
learning models are not considered a viable solution and only interpretable clas-
sification approaches are investigated.

The first, commonly used interpretable classifier is k-NN. It is based on the
similarity of the location of points in the feature space [168]. K-NN classifies the
new input based on the classes of a number of the nearest points in the feature
space. Both the number of points and distance type can vary, depending on the
application [I68]. Commonly, Euclidean distance is used, however, it is possible

to take advantage of Manhattan distance, Mahalanobis distance or other types
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of distances and the choice of distance type can influence the classification results
[I75]. The similarity measure is also at the root of k-means classifier, where the
distance from the distribution is used rather than from a selected number of
points [176]. The classification with k-NN and similar methods provides non-
linear boundaries between the classes, but it can render inaccurate results if an
inappropriate type of distance is selected [I75]. It also may be sensitive to the
shape of clusters and cause problems if the clusters are elongated [I77].

A more advanced classifier in terms of the classification algorithm is SVM.
SVM aims to find the optimal hyperplane that separates the data points of
different classes with the largest possible margin [I68]. The hyperplane should
maximize the distance between the nearest data points of each class, which are
called support vectors. SVM can provide good accuracy classification in many
engineering problems and has been used extensively for classification in different

domains [I71I], however it is not interpretable [169].
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Figure 1.17: Depiction of a rejection zone concept for two classes classification;
the rejection zone is present where the difference in class ¢; probability p(c;)
and class ¢y probability p(cs) is lower than a certain threshold value ¢

Both K-NN and SVM provide the classification outcome but do not allow
obtaining information about the uncertainty of the assigned class. Such output

can be obtained with a probabilistic classifier and it can be useful when the
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interpretability of the classification is important. What is more, using the esti-
mates of probability, a reject option can be included in the classification [I78§].
It might be possible to define a region where the classification is not performed
to avoid errors. It is demonstrated in Figure [1.17], where the grey rectangle
represents a rejection zone. It is especially useful when the misclassification is
expensive, which is the case for centrifugal compressors as the activation of an
anti-surge system results in loss of performance or machine stoppage [80].

A powerful approach that offers non-linear, data-driven classification with
probabilistic output is Gaussian process classification (GPC). It was not widely
employed, however, it has shown to be suitable for a number of engineering prob-
lems [179] 180} 181] and that it could offer high accuracy, often being among
the best-performing classification methods [I72]. GPC offers a probabilistic
approach, where for a new data point, the model output the probability of it
belonging to each class. This information is used for classification, where the
most probable class is selected as a true class, but also enables the introduction
of a rejection option for the locations where the classification is not certain [182].
This region could be based, for example, on the relation of probability for dif-
ferent classes. One of the approaches for a classifier with a probabilistic output
is to define a rejection zone based on the difference between class probabilities
[I78]. Then, if the difference is smaller than some threshold, the indication is
not certain and should be rejected.

An important advantage of GPC is that it can provide high accuracy while
using a limited number of data points [I83], which is beneficial in the context
of centrifugal compressor monitoring due to challenges in obtaining data for
unstable conditions. GPC is a performant classification method that could be
used to aid instabilities detection in centrifugal compressors.

The application of a classifier can help to increase the accuracy of a sys-
tem but also brings a number of requirements for its implementation. Using a

classifier, all the classes have to be represented, which may be challenging to



1.7. Challenges in data-driven instabilities detection 65

obtain experimentally for some machines [I8]. The quality of classification is
dependent on the selection of the classifier and the quality of the input features,
with the latter shown to be of greater importance [119]. Hence, despite the
selected classification and decision-making approach, the focus of the detection

process should be on obtaining the most informative features.

1.7 Challenges in data-driven instabilities detec-
tion

Data-driven detection of instabilities is a challenge due to a highly non-linear
and non-stationary character of the signals obtained from compressor monitor-
ing. The difficulty is increased by a dynamic onset of instabilities, resulting
in the need for real-time operation, especially when detecting surge. The ideal

instabilities detection method should be:

e capable of providing real-time indication,
e robust and immune to false alarms,
e sensitive to all types of instabilities,

e capable of differentiating instabilities.

Those requirements can possibly be met by data-driven detection methods,
however, identifying the best approach is not an obvious task. There is a num-
ber of performant methods developed over the years. However, there are no
benchmark data sets in the field of instabilities detection that could be used
to compare them. This is a major difference compared to condition monitor-
ing, where such sets are available and commonly used and made available [184].
The cost of obtaining the data set for the compressor is much higher than that
for bearings or gears, therefore the experimental campaigns are commonly per-

formed with industrial partners and the data is often not shared. Using the same
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data set for comparison of data-driven methods can provide valuable insights
into the differences in their performance for instabilities detection.

Based on the overview of instabilities detection methods presented in Sec-
tion [I.5] a number of conclusions can be drawn and shortcomings of the current
studies can be identified. Many of the investigations in the field of instabili-
ties detection focused on demonstrating that indication of instabilities can be
obtained using a specific signal processing method, leveraging a change in fre-
quency spectrum [65]. A small number of papers define features based on the
proposed methods [162]. Such features could be used as an input for a decision-
making unit. Defining the features is crucial because it allows other researchers
to compare and evaluate them for other machines and data sets without the
need for expert input in decision-making.

A clear definition of the features also opens the possibility of a structured
investigation on the dispersion of the potential indicators. Little attention is
paid to the stochastic aspects of the signals from a compressor and its effect on
detection accuracy. The demonstration of method utility is often performed on
a single instance of a signal [47, 58, 04]. As much as it can prove the potential
of the method, it does not allow for the understanding of its robustness.

The lack of definition of indicators also results in no discussion on the pace of
detection, which is crucial, especially in case of surge [94]. Some considerations
about the speed of reaction are present in the literature |78, [185], however not
in the stochastic context of the signal. The pace of detection in terms of a
data-driven system can have two components. The first is related to the length
of the signal that needs to be collected for a robust indication. The other is
related to the processing time of a method that is applied to extract features.

The longer input signal allows for increasing the amount of information
present in the signal. It may be expected that the features obtained based
on a longer signal will be less dispersed. Therefore, from this perspective, the

signal acquisition time should be the longest possible. However, the need for
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a long input signal results in an extension of the acquisition time as well as
increases the processing time. Both of those aspects negatively affect the pace
of detection offered by a system. Hence, the optimum should be found, regarding
the robustness and pace of detection. The optimum can differ depending on the
signal processing method.

Compressors operate in a continuous manner and so should an instabilities
detection system. Data-driven decomposition can operate on the oncoming
batches of data, providing independent information based on each batch. The
system needs to function in real-time, which requires the processing time to
be equal to or shorter than the time it takes to collect another batch of data.
Only then, all the incoming data is analysed on time and there is no backlog.
The online operation can be considered a condition for the evaluation of an
instabilities detection system.

The number of works employing data-driven decomposition methods for in-
stabilities detection is very low compared to the field of condition monitoring.
The body of literature in the latter domain has shown a great potential of de-
composition methods in uncovering the dynamics of the system and defining
indicators of fault or damage [164], [I86]. Both domains have a similar system
operation idea but differ in signal type, detected phenomena, and detection pace
requirements. Methods like EMD or SSA can derive multiple features from a
single measurement. This makes them potentially suitable for detecting various
instabilities in a compressor system using a limited number of sensors.

A centrifugal compressor system can develop a number of instabilities in
a different order, depending on the rotational speed [43, [§]. Despite a well-
documented need for comprehensive instabilities detection, a general framework
covering the detection of different instabilities with a single approach has not
been found in the literature. Such a framework, preferentially taking advantage
of a single method for the detection of all instabilities should be beneficial as it

might decrease the computational time and effort compared to using a number
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of methods. It could be possible to build such a framework by taking advantage

of data-driven decomposition methods.

1.8 Aim, objectives and contributions to knowl-
edge

Based on the identified challenges and gaps in the literature, the aim of the

thesis is formulated as:

Development of a data-driven condition monitoring methodology for
instabilities detection in centrifugal compressors based on decompo-

sition techniques applied to pressure signals.

To fulfil the aim of the thesis, a number of objectives were defined:

(O1): Identifying and analysing methods used for instabilities detection in cen-
trifugal compressors to understand the characteristic features leveraged

for detection (Chapter [1));

(02): Developing a methodology employing decomposition techniques to obtain

instabilities-sensitive features based on an input pressure signal (Chapter
2);

(03): Evaluating feasibility of general compressor stability detection using fea-

tures obtained with data-driven decomposition methods (Chapters {4 and
o));

(O4): Performing a parametric study on crucial parameters of selected decompo-

sition methods in the context of robustness and pace of detection (Chap-

ters [4] and [f));
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(O05):

(06):

Comparing the performance of EMD and SSA in the context of extracting

instabilities-sensitive features using threshold-based approach (Chapter
Developing a probabilistic classification model for classification in order
to increase the accuracy of classification and address the misclassifications

at the transition between condition observed for threshold-based approach

with rejection zone (Chapter [7)).

Fulfilling the aim and objectives of the thesis led to producing a number of

contributions to knowledge, listed below:

(C1):

(C3):

(C4):

A comprehensive literature review of instabilities in centrifugal compres-
sors and instabilities detection techniques, with emphasis on the signa-
ture of instabilities and how it is targeted by different detection methods

(Chapter [1));

: Developing a methodology for accurate instabilities detection from pres-

sure signal and defining case study to be used for its validation (Chapters

and;

Demonstrating that data-driven decomposition techniques can be used

effectively for comprehensive detection of instabilities in centrifugal com-

pressors (Chapters [4 and [f));

Evaluating EMD and SSA for instabilities detection in centrifugal com-
pressors; identifying their advantages and limitations as well as demon-
strating the challenges to be addressed when using these methods for

instabilities detection with pressure signal (Chapter @;

: Creating a probabilistic framework for instabilities detection based on

Gaussian process classification and discussing its advantages as well as
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limitations in application to instabilities detection in centrifugal compres-

sors (Chapter [7));

(C6): Demonstrating that using data-driven decomposition techniques coupled
with a probabilistic classification algorithm, it is possible to accurately
detect instabilities using data from a single pressure sensor located before

the impeller of the compressor (Chapter [7).

1.9 Thesis outline

The thesis is organised as follows. In Chapter [I} general information about com-
pressors and their stability was introduced. Next, the physics of instabilities was
discussed followed by a review of methods applied for instabilities detection. It
was demonstrated that the field of data-driven decomposition methods appli-
cation for instabilities detection remains largely unexplored. The selection of
two different instabilities methods with high proven potential in other fields was
performed in light of challenges that have to be faced by instabilities detection
methods.

Chapter [2| opens with the outlook of the proposed methodology for insta-
bilities detection. Next, the elements forming that methodology are discussed.
First, the theory of empirical mode decomposition and singular spectrum anal-
ysis is introduced. Then, selected methods of component processing are demon-
strated and discussed. Next, the probabilistic framework is defined along with
its objectives. Finally, the criteria for extended comparison of the methods and
validation of the framework are introduced.

Chapters [4] and |5 are devoted to EMD and SSA, including a parametric
study on the most important intrinsic parameters of the methods as well as
input signal length that affects the method responsiveness. The case study is
performed on the machine described in Chapter [3 Firstly, the detection of

global conditions is demonstrated, followed by an investigation of decoupling
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two regimes of global instability. It is demonstrated that general conditions can
be well detected with both methods, however the global instability conditions
are not decoupled by any of the approaches. However, it is possible to define
features sensitive to the severity of global instability. Then, the differentiation
can be made based on the feature value.

Chapter [0 demonstrates the comparison of the features obtained with EMD
and SSA. The detection accuracy is computed for both sets of features and
the outcomes are investigated in detail. This chapter also presents a number
of practical considerations, regarding the selection of the components, pace of
detection, representativeness of data obtained with different protocols and a
possibility of limiting the number of sensors used for detection.

In Chapter [7] a probabilistic framework is proposed based on Gaussian pro-
cess classification (GPC). The output of GPC offers not only classification but
also the certainty of belonging to a class. Hence, it is possible to define rejection
regions based on the level of probability. With a proper selection of the kernel
function, the rejection zone can help to reduce the number of misclassifications
and increase the accuracy of a method. GPC can provide accurate classification
using on a small amount of data for training. It can also be leveraged to use
only one sensor for detecting the stability of the system.

Chapter [§] presents the conclusion and further work considerations. It col-
lates all the important observations and reiterates the main findings presented
in this thesis. The limitations of the developed approach are also demonstrated
and a path towards improvement of the proposed instabilities detection frame-

work is proposed.



Methodology for data-driven
2 instabilities detection

This chapter introduces the methodology for instabilities detection in centrifu-
gal compressors based on data-driven decomposition methods. First, the overall
framework for obtaining instability indication based on the pressure signal is in-
troduced. It has two main steps, being feature extraction and decision-making.
For the feature extraction, empirical mode decomposition (EMD) and singular
spectrum analysis (SSA) are investigated. The features obtained with those
methods are introduced into the decision-making module, where two supervised
classification approaches are investigated. The first assumption is that only the
data from stable conditions are used to define linear thresholds between condi-
tions. The other is a probabilistic classification approach, where all the classes
have to be represented in training and the boundaries are more flexible. The
comparison of the methods allows investigating and quantifying the advantages

of using a probabilistic approach for data-driven instabilities detection.

72
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2.1 Methodology overview

The methodology developed in this thesis follows the general steps of the ap-
proach commonly used in the broad domain of condition monitoring [119]. The
general flow of the methodology is shown in Figure 2.1, while it substeps are
described in detail in Figures and [2.3] The input signal collected from the
compressor is processed in order to extract features indicative of system con-
ditions. Using those features, a decision about the compressor system stability
can be made. The novelty of the work lies in the methods used in both feature

extraction and decision-making steps.

Feature > Decision
extraction making

Figure 2.1: Overview of the general methodology steps; steps marked with colors
are furtherly explained in detail

Indication of
instability

Pressure
signal

The feature extraction approach proposed in the methodology is based on
data-driven decomposition methods and includes a number of steps. Its details
are demonstrated in Figure The very first step is signal pre-processing
such as mean removal or normalisation, and it is optional. The need for pre-
processing may depend on the type of decomposition method used and in some
methods it might not be necessary. The next step is a signal decomposition. The
pressure signal is decomposed into a number of components that are to capture
and highlight different characteristics of the signal that could be indicative of
instabilities. The decomposition can be any method that leads to obtaining the
components that are time series. In this thesis, empirical mode decomposition
(EMD) and singular spectrum analysis (SSA) are proposed. The decomposition
components are processed to extract the features. In this study, the features

are obtained as the RMS of the components. The RMS is related to the energy
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of the signal [I87] and was shown to be useful for building sensitive features in
similar cases [47, [146].

The features may be based on individual components or groups of com-
ponents that best highlight the presence of instability. The selection of the
components to be processed into features is an important issue. In this thesis,
the components that best capture the difference between stable and specific
unstable conditions are used. The output from feature extraction process is
a vector p containing a number of instability-sensitive features. The dimen-
sionality of the vector depends on the number of components selected from the

decomposition.

Feature extraction

Sianal c t Instabilities
'gna’ pre- Decomposition omponents sensitive features
processing processing vector

Figure 2.2: Details of the feature extraction step

Pressure
signal

The formulation of the decision-making step may depend on the input data
type, available classes and the aim of the detection. The methodology, with the
details of the decision-making step is shown in Figure [2.3, The decision-making
is based on classification of the data for unknown operating conditions. A
supervised classification is employed, which has two phases. The first one is the
training phase, where the available data for the known conditions are processed
through feature extraction step. When using more than a single feature, it is
possible to take advantage of the feature space representation, where the values
stored in the feature vector u are considered coordinates of a point in space. The
features are processed in a joint manner through a feature space representation
concept, which allows greater insight into the operating conditions of the system

and allows applying a number of classification techniques to the data.
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The decision-making requires a priori training of the model, as indicated
with a dashed line box in Figure [2.3] The pressure signal for known conditions
is processed through feature extraction and the data is scattered onto the feature
space. Based on the distribution of the data, boundaries for different conditions
can be created. The boundaries can then be placed onto the feature space,
mapping the regions of different conditions. When the training phase is done,
it is possible to use the model for instabilities detection. The signal sampled
from unknown operating conditions is subjected to feature extraction process to
obtain features. Those features allow to position the new conditions in reference
to the boundaries in the feature space to make an indication of instability. The
advantage of the proposed method is that the instability indication can be

obtained using only a single feature vector from unknown operating conditions.

Pressure
Feature Feature-space Feature-space Defining class
signal for known extraction re resentation mappin boundaries
operatlng conditions, p pping

Y
Feature Feature-space Relation to Indication of
. . class . -
extraction representation . instability
boundaries

Figure 2.3: Details of the decision-making step

Pressure
signal for unknown
gperating conditions

Two different approaches to feature space mapping and definition of class
boundaries are proposed in this thesis. The first method is a threshold-based
approach. It is assumed that the features obtained within the feature extraction
procedure are interpretable and represent the intensity of instability. The in-
tensity of instability is understood as the strength of the instability presence in
the compressor. Hence, the values of features representing instabilities should
be low in stable region and increase when the instability onsets. Therefore, by

computing the extent of the feature values for the stable range, it is possible
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to establish a threshold value. If such a value is exceeded, the instability is de-
tected. The advantage is that the training phase can be based solely on stable
operating conditions. However, with this approach, the number of used features
should correspond to the number of instabilities to be detected. Each feature
should independently react to each instability in order to ensure differentiation
of the conditions.

The other approach is based on a probabilistic classifier. The interpretability
of the features is not as crucial in this scenario, as the classification boundaries
are determined by the data distribution in the feature space. Such approach
requires representation of all conditions, not only stable ones. The output is
the class boundaries but also the probability of each class, which may be used
for obtaining better insights about the classification.

Two distinct decomposition methods are investigated for processing the in-
put signal into features - empirical mode decomposition (EMD) and singular
spectrum analysis (SSA). Both were demonstrated to have potential in this ap-
plication [47, 78], however they have not been thoroughly investigated nor com-
pared. The performance of the methods is dependent on a number of factors,
which are discussed in Section [2.3] The features obtained through EMD and
SSA are investigated for an interpretable detection based on threshold values
for different instabilities. This study also focuses on a potential improvement in
detection that can be offered with an advanced non-linear classification method
based on Gaussian process. The outcome is a proposition of the best approach

to be used for instabilities detection in centrifugal compressors.

2.2 Input signal

The first step in the methodology is obtaining an appropriate input signal. This
methodology assumes the use of a high-frequency pressure signal sampled inside

the compressor. The signal from several locations inside the machine is used,

which is described in detail in Chapter [3]
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The signal acquired during measurements x(t) = (x1, s, ..., £n,) is a discrete
signal of length N,. The length Nj is related to the physical acquisition time
through sampling frequency f,. For a fixed f;, the larger the Nj, the longer the
acquisition time.

The length of the signal can affect the processing outcomes. The N, should
be such that the obtained features are representative for the compressor system
and their dispersion is not too large. On the other hand, the N, should not
be too large in order for the system to be responsive and provide the quickest
possible information about the onset of instability. The influence of the input
signal length N, on the feature extraction procedure will be demonstrated in

detail in Chapters [] and

2.3 Signal decomposition

The second step of the methodology is the decomposition of the input signal
x(t). The aim is to extract and enhance the characteristics of aerodynamic
instabilities contained in the input signal. The decomposition methods investi-
gated in this study, EMD and SSA, were selected based on their performance in
other domains. They represent two different families of approaches, hence their
comparison in the context of instabilities detection is of interest. An extended
discussion on the decomposition methods and selection made in this study is

provided in Section [1.5.6]

2.3.1 Empirical mode decomposition (EMD)

EMD is a decomposition method based on the assumption that any signal con-
sists of different simple modes of oscillations, called intrinsic mode functions
(IMFs), which can be separated in the decomposition process [90]. The proce-
dure of extracting IMFs is called sifting. Sifting algorithm is based on the wave-
form of the signal and employs a process where the components are extracted in

an iterative manner, starting from IMF 1. IMFs can evidence changes in both
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amplitude and frequency of a physical phenomenon expressed in the analysed
signal [90]. For a function to be termed an IMF, it must meet two conditions

[141]:

e the number of extrema and zero crossings of an IMF must be identical or

differ by one;

e the mean value of an IMF envelope defined by local maxima and minima

must be equal to zero.

These assumptions are, in practical implementations, replaced with stoppage
criteria that govern the decomposition process [141]. It is due to the fact that
a high number of sifting iterations introduces an error to the decomposition
and depletes the IMFs of physical meaning [I88]. A small number of iterations
is beneficial in terms of decomposition time, as the more sifting iterations are
needed, the longer the decomposition process. The practical effects of changing
the parameters of the decomposition process are discussed in Chapter [4]

Using EMD, the input signal z(t) = (x1, 2, ..., zn,) is decomposed into a set
of IMFs. Each IMF is a time series of the same length as the input signal z(t).
The first step in EMD algorithm is to identify local maxima and connect them,
creating the upper envelope. Then, the procedure is repeated for local minima
to obtain the lower envelope [00]. Then, the envelope mean can be calculated,
which is demonstrated in Figure It is possible to use a different type of
interpolation between extrema. The most commonly applied is the approach
using cubic spline interpolation, which is also used in this thesis. The upper
and lower envelopes should contain all the data points of the signal. The first
component of the process, hi(t) is called a proto-IMF and is shown for an
exemplary signal in Figure . It is obtained from Equation , where
m(t) is the signal envelope mean, understood as an arithmetic mean of upper

and lower envelopes values for each time instant ¢.
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Figure 2.4: EMD process visualisation based on an exemplary signal a) The
data along with upper and lower envelopes defined by the local maxima and
minima, respectively, and the mean value of theenvelopes b) proto-IMF h;

Then, it is checked if proto-IMF h,(t) meets the conditions of an IMF or

a stoppage criterion is fulfilled. If neither is true, the next process step takes

place. The hq(t) is treated as input data and the sifting procedure is repeated.

The hs(t) is created by subtracting the mean of hy(t) envelope from hy(t) itself,

as shown in Equation (2.2)). Then, the check against conditions is repeated for

ha(t). Subsequent steps are performed according to Equation (2.3).

ha(t)

hs(t) = hs_1(t)

ha(t)

— ma(t)

— my(t)

(2.2)

(2.3)

The process is repeated until the proto-IMF hg meets IMF criteria or the

stoppage criterion is achieved. If sifting process is completed after .S iterations,

hs(t) is designated i (t) and becomes the first intrinsic mode function (IMF). For
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the exemplary signal, the proto-IMF was meeting the conditions after 8 sifting
iterations (Figure [2.5a). To continue the sifting process, i;(t) is extracted from
the original data x(¢) and the output of this operation is termed intermediate

residue 71 (t) - Equation (2.4)). The residue and the original signal are shown in

Figure

ri(t) = z(t) — i1 (1) (2.4)
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Figure 2.5: EMD process visualisation based on an exemplary signal a) IMF 1
obtained after 8 iterations b) original signal x(t) and the first residual r, after
subtracting IMF 1 from the original signal

Next, r1(t) is taken as the new original data and the sifting process is re-
peated. The IMFs are extracted until the final residue is either a constant
or monotonic function or some predefined decomposition stoppage criterion is
met. The signal after decomposition is divided into ) IMFs containing oscil-
latory modes of the signal z(¢) and a residue r¢(t), holding information about
the trend in the data (Equation (2.5))). If the decomposition is stopped due
to achieving a global decomposition stoppage criterion, the character of the

residual may be different.
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Q
x(t) = Zz’i(t) +7o(t) (2.5)

Two stoppage criteria must be defined for EMD process, sifting stoppage and
global decomposition stoppage. Globally, the decomposition can be stopped if
the energy contained in the residue is lower than a certain level, defined in
reference to the input data [90]. The choice of this value influences the number
of IMFs obtained from the decomposition and the character of the residue, as
with high energy threshold the residue can still contain oscillatory modes after
the stoppage. The setting of the threshold value for the decomposition stoppage
has no influence on the character of the IMFs extracted in the process, only on
their total number.

The sifting stoppage criterion has influence on both, the number of IMFs
and their character, mostly frequency content [I41]. For noisy signals such
as experimental pressure signals from compressor, each IMF covers a frequency
band located around a specific central frequency [I89]. Within a range of sifting
iterations, EMD can work as a dyadic filter, resulting in the central frequency
of each subsequent IMF being half of the previous one [I4I]. Increasing the
number of iterations, the central frequencies of IMFs are located closer to one
another, consequently, the frequency band covered by each IMF becomes nar-
rower and the number of extracted IMFs increases [139, [141]. The number of
sifting iterations SN can be controlled by a choice of a sifting stoppage criterion.

It was shown that if the number of sifting iterations is high, then the IMFs
amplitude is constant and they no longer have a physical meaning [I88]. Con-
sequently, different approaches were proposed for the sifting stoppage, based
on a change of energy between subsequent iterations, a relation of peak count
to zero crossings or a number of sifting iterations [I8§|. It is recommended to
minimize the number of sifting iterations in order to reduce errors caused by

spline fitting to the extrema, introduced with every iteration. The optimum
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number of eight sifting iterations per IMF was proposed [I88|. Use of a low
number of sifting iterations is beneficial for a compressor instabilities detection
system responsiveness as it decreases the decomposition time.

There exist a number of stoppage criteria that can be used [I90]. A stoppage
criterion chosen in this study was a Cauchy type criterion, introduced originally
by Huang [90] and applied in other investigations [191, [192]. When considering a
discrete signal of finite length N, sampled at the time instants ¢t = 1,2, ..., Ny, the
criterion can be expressed as in Equation . The sum of squared differences
between the previously calculated hs_;(t) and newly obtained hy(t) proto-IMFs
is computed for the entire signal length and its sum is divided by the total
energy of the newly obtained proto-IMF. Describing a relative change of proto-
IMF energy between each sifting operation, SD; has to be above a specified
value for the process to continue. If the value is smaller than a set threshold,

the sifting process is stopped.

N

p. — T lhea(t) = hy(0)P
T ()

(2.6)

2.3.2 Singular spectrum analysis (SSA)

SSA is a non-parametric time series analysis method, which shares the mathe-
matical formulation with Principal Component Analysis. SSA procedure con-
sists of two main parts, which are decomposition and reconstruction. Each of
those steps is composed of certain sub-steps. In this study, SSA is applied to a

time series x(t) = (x1, xo, .., xy,) of length Nj.
Decomposition

The very first step of decomposition is called embedding. A set of K lagged
vectors @; of length L is constructed, as per Equation ({2.7), where K = N, —

L+ 1. L is a window length parameter that has to be set. This parameter has
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an important influence on the decomposition outcomes, governing the number

of RCs and their content [91].

Xi = (T4, Tig1, ooy Tivr-1) " (2.7)

The vectors x; are assembled into a trajectory matrix X as per Equation
(2.8)). A trajectory matrix X is a Hankel matrix of dimension [L x K]. The

embedding step is necessary to increase the dimensionality of the input data.

'Tl x2 .o oe e xK
T2 T3 T TK41

X=|" "7 , (2.8)
X, Trp+1 -+ TN,

The next step is the singular value decomposition of the trajectory matrix

X, as per Equation ({2.9)).

X=>X; (2.9)

It is obtained with the eigenvalue decomposition of the squared matrix
S = XX” of dimension [L x L]. This decomposition provides a set of eigen-
values in decreasing order (A\; > Ay > --- > Ay > 0) and their corresponding
eigenvectors (ug, ug, ... ur). The decomposition of S leads to obtaining L com-
ponents in form of elementary matrices. The sum of those matrices makes the
original trajectory matrix X. Each individual component X; is defined by an

eigentriple (Equation (2.10))).

where:
T4.
. S (2.11)

Vi
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Reconstruction

Having decomposed the time series into a number of matrix components, it has
to be reconstructed into a time series. Each individual component matrix X;
contains particular information of the original trajectory matrix X and hence,
each one contributes towards the reconstruction of X in a different degree. As
the eigenvalues \; are in decreasing order, the first individual components con-
tribute more than the last ones. At this step, it is possible to group the compo-
nents by summation of selected individual component matrices. The approach
to grouping may differ depending on the task at hand and structure of the time
series [91]. It is also possible to reconstruct the components individually and
group them after the decomposition, if desired. In this thesis, it is assumed that
the components can independently hold the information that is of interest for
the instabilities detection system. Grouping components prior to their analysis
might lead to loosing some important information about the conditions of the
compressor. Therefore, a grouping step is omitted, and the components are
reconstructed independently.

In order to reconstruct each individual component in form of time series,
it is necessary to apply diagonal averaging to the individual component matri-
ces. Let 2, ,—m+1 be an element of an individual component matrix X;. The
reconstructed components (RC), RC; = (ry,,7,, ..., iy, ) corresponding to this

individual component matrix X; are calculated as per Equation (2.12]).

p
1
- Z:lzl Zm,n—m—l—l 1 é n S L
n
! SoF L<n<K
ra — Zm,n—m =n
ri, =4 L7 - (2.12)
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The input signal z(t) = (1,9, ..., xy,) is now decomposed into L indepen-
dent RCs as shown in Equation (2.13]). Each of those RCs is a time series and

can be processed individually.
L
z(t) = > RC; (2.13)
i=1

2.4 Decomposition components processing

After decomposition, the initial time series can be represented as a sum of
components for SSA or sum of components and residual for EMD. It is assumed
that the information of interest is contained within specific components. The
aim of the feature extraction process is to process selected components and

obtain features sensitive to instabilities.

2.4.1 Obtaining features from components

The features can be built either on selected components or on groups of compo-
nents, obtained through their summation. Assuming yx(t) = (1,2, ---, Yn,) tO
be a selected component of the decomposition or sum of components in a form
of a time series, the feature puy is obtained through computing the root mean

squared value of y, according to Equation ([2.14]).

Ns
= > (0 (214)

The feature represents the energy of y,. The idea pursued in this thesis is to
define features that each of them is associated to the intensity of a selected in-
stability, which can be done through energy of time series related to instabilities.

For defining features, specific components must be selected.



2.5. Feature space representation 86

2.4.2 Selection of the components

The choice of the components for building features of instabilities is a challeng-
ing task. The procedure for selection may differ, depending on the available
data. The approach proposed in this thesis is based on the comparison of the
feature values for stable and unstable conditions. It requires the data from un-
stable conditions, however owing to such approach it is possible to validate the
performance of a feature as a potential indicator. The goal of the selection is to
obtain a single feature for each investigated instability.

A perfect feature should ensure a maximum difference between its values for
different conditions. It applies to the mean values as well as data dispersion.
When investigating two classes of operating conditions, it is possible for the
machine to transition smoothly from one condition to another. As a result, the
feature values may overlap near the interface between the two conditions. The
very first aspect of the selection is comparing the mean value, as the difference
in the mean is crucial for differentiation of conditions. Consequently, if the

means differ, the dispersion is evaluated.

2.5 Feature space representation

The features obtained through feature extraction for each input signal are as-
sembled in a feature vector p; and can be represented in the feature space.
Using the signal collected from the compressor, a number of feature vectors can
be constructed. Their number is dependent on the total acquisition time and
the selected input signal length N,. Assuming a total of M input signals, a
feature matrix F' (Equation (2.15))) can be created, where each row is a feature

representation for time instant covering the input signal acquisition time.
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For every feature vector p;, a label ¢; = {1,2,..,m} is assigned, representing
the class of conditions. Using feature matrix F' and a vector of labels ¢ (Equa-
tion (2.16)), it is possible to define a data set D = {F', ¢} which combines all
of the available data for a compressor for known operating conditions.

To perform a supervised classification of the compressor operating condi-
tions, a training data set must be defined. Such data set, marked Dr =
{Fr,cr} contains My feature vectors from the general data set D. It is a
common practice to also define a validation set, which is used to investigate
the quality of classification by the trained model. Such data set is marked
Dy = {Fy,cy} and has a size My. The size of Dy can differ, as well as the
classes included in Dy.

The choice of the number of classes is problem-dependent and subjected
to input data availability. In the most basic approach, the conditions can be
divided into two classes representing stable and unstable compressor operation.
In a more accurate approach, a class can be assigned to conditions when a
specific instability is present. The number of classes should then be compatible
with the number of instabilities detected in the system. It is also possible to
assign a class to the data collected at each set point of the external resistance
as then the labelling is more straightforward and less prone to interpretation
errors. However, in such case the external resistance levels have to be furtherly

linked with the compressor instabilities present for each set point.
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2.6 Decision making

The decision-making block of the methodology has two stages. Firstly, the clas-
sification algorithm has to be trained to provide the location of the boundaries
between classes that are used for classification. Secondly, given a new feature
vector p, for unknown operating conditions c,, the classification can be made.
The concept of feature space representation is used by the proposed classifiers.

Two approaches are investigated in this thesis. The first one is based on
interpretable thresholds derived for each of the feature space dimensions. It is
implemented for both EMD and SSA features to demonstrate the differences
between the outcomes of two decompositions. The other is a probabilistic ap-
proach based on Gaussian process classification that can help to address some

of the shortcomings of the threshold approach.

2.6.1 Threshold-based classification

A threshold-based approach assumes that the features are interpretable and each
feature is representative for a single instability. Then, it is possible to define
a single threshold for each feature, based on stable conditions. The relation
of the feature vector w, components to thresholds allows classification of the

conditions.
Training

In the training phase for the threshold-based classification, the data set Dr
contains only feature vectors representing stable operating conditions. The
threshold is for a given feature p;, marked 7), is obtained as a quantile of
the data distribution, defined according to Equation (2.17). The p value can be
set according to the requirements within the range [0, 1]. Using the quantile of a
distribution rather than a maximum value, it is possible to limit the influence of
the outliers that could be present in the data. A separate threshold is obtained

for each dimension of the feature space.
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T = Qu;(p) (2.17)
Instabilities identification

Instability detection is performed by interrogating the new observations to the
defined thresholds. A signal for a new observation from an unknown operating
class conditions ¢, is obtained and decomposed. The components y(t) are
processed using Equation . A feature vector pre = (fha1, fa2, ooy flay) 1S
obtained and its components are interrogated against the thresholds 7). For
two-dimensional feature space, two comparisons have to be performed. The first
one helps to limit the class selection problem to two classes, while the second

one defines the exact class of the two.

H, : p.q <T,,, = Class ¢; or Class ¢, (2.18a)

H,: po <7, = Class ¢ (2.18b)

Based on this interrogation, a class of conditions can be assigned to the
new observation. Hence, the decision about stability of the compressor is made

based on a single feature vector obtained for unknown conditions.

2.6.2 Probabilistic classification

The probabilistic classification approach proposed in this thesis is based on
Gaussian process classification (GPC). In this section, the rationale and require-
ments for its implementation are introduced, while mathematical formulation

and the details of the method are investigated in Chapter [7]
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Training phase

In the training phase for the probabilistic classification, the data set Dy con-
tains feature vectors representing all operating conditions to be classified. The
boundaries between classes are no longer straight lines and they are driven by
the data and GPC model parameters. The training of the model relies on op-
timisation of the model parameters that increase the fit of the model to Dr.
The model with optimised parameters is considered trained and used for clas-

sification.

Instabilities identification

The GPC provides a probability estimate for each of the classes at each loca-
tion in the feature space. Those estimates are data-driven and can be used
for defining class boundaries. The classification is based on interrogating the
model for the location defined by the feature vector for unknown conditions fe..
The output of the model is the probability for each of the classes, assuming
classification into three classes, GPC(pu.) = [p(c1),p(c2),p(c3)]. The highest
class probability defined the classification for p,. The probabilistic output also
enables introducing no-classification zones. Such locations are expected to rep-
resent the regions of low model certainty, where the probability of neither class
is importantly higher than the others. Rejection zone can be used to refrain
from making a classification, which may increase the accuracy of the model. The

details of the probabilistic approach implementation are provided in Chapter [7]



3 Case study definition

3.1 Object of research

The methodology developed in this thesis was validated on a single-stage cen-
trifugal compressor. The compressor is a low pressure unit of industrial type.
It was designed by Magiera [193] and adjusted for the research on instabilities
by Liskiewicz [9]. The cross-section of the machine is presented in Figure .

Flow direction
——
e

P Din

Figure 3.1: Compressor cross-section with marking of its most important parts
[9]; A - inlet pipe, B - Witoszynski nozzle, C - impeller, D - diffuser, E - volute,
F - outlet pipe

The compressor was designed to operate at ambient inlet conditions. The
air was delivered to the compressor through the inlet pipe A of diameter D,

= 300 mm. Subsequently, it was accelerated by the Witoszynski nozzle B for

91
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obtaining a more uniform inflow and directed onto the impeller C. The impeller
was unshrouded and had 23 blades (Figure [3.2a)). Downstream of the rotor,
the air entered a vaneless diffuser D and subsequently the volute E of circular
cross-section. The radius was gradually increasing streamwise from the volute
tongue gap of 5 mm towards the outlet pipe of diameter D,,; = 150 mm. The
outlet pipe was made of two straight sections connected with the right-angle
elbow. The section between the volute and the elbow was 250 mm long, while
the section behind the elbow was 3750 mm long.

A throttling valve was mounted at the end of the outlet pipe (Figure .
The valve was operated manually and its position was controlled with aid of
a measuring scale. The compressor was driven by an asynchronous AC motor
(400V=15kVA) with an inverter. The design point was attained at f,.,; = 120
Hz, m = 0:8 kg/s and PR = 1.12. However, in order to avoid a risk of the
impeller damage at surge, the unit was run with a lower rotational speed of f,.
= 100 Hz, resulting in a nominal flow rate of 72 = 0.75 kg/s and pressure ratio
PR = 1.08. For the selected rotational frequency, the impeller tip speed equal
to uy = 103 m/s, well below the speed of sound a = 341 m/s. The dimensions

and operating parameters of the test stand are aggregated in Table [3.1]

Table 3.1: Operating parameters and dimensions of the test rig

Parameter Value
Pressure ratio 1.08
Rotational frequency 100 Hz
Mass flow 0.75 kg/s
Number of impeller blades 23
Inlet pipe diameter 300 mm

Rotor inlet diameter at hub 86.3 mm
Rotor inlet diameter at shroud 126 mm

Rotor inlet span 38.9 mm
Rotor outlet diameter 330 mm
Rotor outlet span 14.5 mm
Diffuser outlet diameter 476 mm

The operating conditions of the compressor were changed by altering a throt-

tling valve position. By increasing the throttling level, the compressor mass flow
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was decreased and compression ratio increased, driving the compressor towards
a potentially unstable region. The throttling level was defined through throttle
opening area (TOA). The TOA value is expressed in percent, obtained as a

ratio of an open throat are available to the flow to the total area of the throat.

Figure 3.2: Elements of the test rig [9] a) experimental rig impeller and volute;
b) pressure taping; c) throttling valve

Figure [3.3] demonstrates the performance curve of the compressor and mass
flow dependence on TOA [9]. In this study, the data for mass flow rate were
coming from an approximation of a velocity profile at the inlet to the compressor

[9).
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Figure 3.3: Performance measurements of the compressor [9] a) performance
map (phi - mass flow coefficient, 1 - pressure raise coefficient); b) mass flow
rate relation to throttling
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With the onset of unstable conditions, the computation of the mass flow
based on the velocity profile is no longer valid. This applies to the last three
points, where the computed mass flow was almost constant and did not follow
the trend established based on previous data points. To have a better under-

standing of the flow conditions, high frequency pressure data was collected.

3.2 Pressure data acqusition

Five dynamic subminiature Kulite transducers (XC0-080 SERIES) were mounted
flush to the shroud walls to measure the static pressure in different locations
along the flow path, as demonstrated in Figure [3.4f The sensor ps_;, was lo-
cated at the inlet of the test stand. The sensors ps_;mp1 Was mounted before
impeller, 0.2 L from the leading edge. Sensors ps_;mp2 and ps_imps were mounted
over the impeller, 0.4 L and 0.9 L from the leading edge of the impeller. The
last sensor, marked p,_..:, was located at the outlet of the compressor, in the
volute. The data was collected with sampling frequency of 100 kHz and each
measurement lasted for 20 seconds, which was the limitation of the acquisition
system memory buffer.

Two different collection protocols were used in this study, leading to ob-
taining two data sets: quasi-dynamic (QD) and dynamic (D). The aim for
quasi-dynamic protocol was to obtain an accurate mapping of compressor op-
erating conditions, collecting large amount of data while exactly controlling the
level of throttling. In the procedure, a specified TOA value was set and 20
second of pressure signal was collected for this valve position. Subsequently,
the TOA was changed by a small value and a new set of data was collected.
This procedure was repeated for each TOA in the entire operating range of
the machine, allowing to obtain the pressure signal independently for different
operating conditions. The full control of throttling level could be maintained
and it was possible to define the step in TOA change, which was approximately
0.5% of TOA. For each throttle position, over 2 million points were collected.
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Figure 3.4: Compressor section with gauges location [9]

To provide an overview of the signal, Figure [3.5] demonstrates the amplitude
of the oscillations and the mean value for compressor data collected through a
quasi-dynamic protocol for all sensors in the entire operating range.

The other protocol was for used for obtaining dynamic data. The valve
position was dynamically changed during the measurement, decreasing the TOA
value. It aimed to emulate a quick transition from stable to unstable conditions
that could occur in the compression system, due to a sudden change in machine
operation or network resistance. Because of the manual operation of the valve,
the readout of the exact throttle position was not available. Each measurement
lasted for 20 seconds and covered the region of TOAs from stable operation
to deep surge. Dynamic data is useful for validation of the data-driven model
performance. Figure demonstrates signals from inlet and outlet, collected

through a dynamic protocol.
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Figure 3.5: Pressure data in relation to TOA level for different sensors collected
in quasi-dynamic protocol [9] (a) Inlet ps_;n; (b) Before impeller ps_imp1; ©)
Impeller centre ps_jmpe; d) Impeller end ps_imps; €) Outlet ps_ous
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Figure 3.6: Pressure data in relation to TOA level for different sensors collected
in a dynamic protocol [9] (a) Inlet ps_;,; (b) Before impeller ps_jmp1; ¢) Impeller
centre ps_imp2; d) Impeller end ps_imps; €) Outlet ps_out
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3.3 Instabilities and data sets

The performance and analysis of the instabilities of the compressor was a sub-
ject of different research activities and its working regimes are reasonably well
understood [9, 45] [97]. Several signal processing methods were used to de-
tect and define instabilities present in the signal, including continuous wavelet
transform [45] or spectral maps [97]. Thus, the data can be efficiently used for

benchmarking different instabilities detection methods.

3.3.1 Observed instabilities and their physical character

Three distinct, general stability conditions were identified in the experimen-
tal data: stable, locally unstable and globally unstable. The globally unstable
conditions were furtherly differentiated into transient and deep surge.

Stable operating conditions are obtained for a number of TOA, close to
the compressor design point, where no unstable structures are observed. They
correspond to normal compressor operation without disturbances.

Locally unstable conditions are characterized with a presence of inlet recir-
culation. Its signature is the strongest for the ps_;n,1 sensor before impeller,
therefore it is a preferential location for its detection. Inlet recirculation does
not have a single dominating frequency, but causes a broadband excitation in
the range of frequencies around 1000 Hz [45]. Its effect can extend streamwise
into the impeller as the inlet recirculation progresses. The alternation in the
flow characteristics at the impeller could potentially bring differences in the
flow further downstream of the impeller, however it has not been shown before.
The signature of inlet recirculation may be difficult to identify using the data
from the sensors downstream that below impeller due to strong mixing in the
impeller and the volute.

Globally unstable conditions, as defined in this study, incorporate transient

and deep surge conditions. They both are termed global as their signature is vis-
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ible throughout the whole compressor system. The exact physics of the transient
conditions has not been understood [9]. The behaviour based on the pressure
signal seems chaotic and intermittent, no coherent structures have been observed
in the data. It is possible that transient conditions bear some resemblence to
mild surge according to Ribi taxonomy [2], where global pressure oscillations of
higher frequency than at deep surge are present in the system. However, there
is no single dominating frequency, which would be expected for a mild surge
[7] and oscillations cover the range of frequencies around the rotational speed
of the impeller, ranging from 40 to 200 Hz. A clear signature of rotating stall
was not observed in the system, although certain traces of sub-synchronous fre-
quencies amplified for the sensor at the impeller end were noted [9]. Lacking a
strong link between established instabilities and observed signal characteristics,
this thesis sticks to the transient conditions name proposed by Liskiewicz. Deep
surge conditions are characterized by a distinct change in signal characteristics.
The pressure signal amplitude grows importantly and the majority of signal
energy is present at Helmholtz frequency, which is at approximately 11 Hz for
the investigated machine [9].

The compressor under analysis was adapted to withstand increased loading
caused by presence of instabilities, hence the possibility of collecting data at
highly unstable conditions. The effect of instabilities on the machine was not
measured directly, for example by accelerators or force gauges, which could
relate pressure signature to machine elements loading and vibrations [44] [103].
It is assumed that the presence of local instability is unwanted, but can be
tolerated while the global instability should be avoided. However, in some
applications where the extension of the operating range is of high priority and
the effects of instabilities are not very strong, like in case of turbochargers
[7, 194]. Then, further differentiation of globally unstable conditions could be
of use, as it might offer higher flexibility of the detection system and better

adjustment to the requirements of the specific application. Thus, the analysis
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shown in this thesis is two-fold. First, it is demonstrated how general stability
conditions can be detected. Subsequently, the possibilities of global instability

differentiation are investigated.

3.3.2 Available data sets

The flow conditions and corresponding TOA values, as labeled by Liskiewicz [9]
are shown in Table [3.2] where both general stability and the specific instability

observed are included.

Table 3.2: Working regimes identified in the signal obtained with quasi-dynamic
protocol

Valve position General condition Instability

TOA < 10% globally unstable  deep surge

TOA € (10%,17%)  globally unstable  transient phase
TOA € (18%,27%) locally unstable inlet recirculation
TOA > 2% stable -

The analysis in this study focuses on the range from approximately 5% to
35% of TOA, covering a region from the deep surge up to the stable operation.
Data for each TOA was assigned a label, although it was observed that the mea-
surements for TOAs from the extremities of the region can be less representative
for a given instability than those from the centre of the set [I89]. Therefore,
the most representative data sets for each condition are defined. They will be
referred to as peaks of instabilities. They can be used to investigate the separa-
bility of the operating conditions using data-driven techniques. The peaks are

defined based on the experimental study [9] as follows:

e Deep surge - 5 % of TOA
e Transient phase - 15 % of TOA
e Inlet recirculation - 20 % of TOA

e Stable - 30 % of TOA
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The available dynamic data represent the transition from stable to unstable
conditions. The range from approximately 35% to 5% was covered over 20
seconds of signal acquisition. The control over the throttle position was limited
and no readback of this value was possible, therefore the exact TOA value is
not known. Consequently, the dynamic data is presented with respect to the

acquisition time rather than TOA (Table [3.3).

Table 3.3: Working regimes identified in the signal obtained with the dynamic
protocol

Time General condition Instability

t < 6s stable -

t € (6s,9s)  locally unstable inlet recirculation
t € (9s,14s) globally unstable  transient phase

t > 14s globally unstable  deep surge

Table summarizes the number of data samples available for each condi-
tion in each protocol. A significantly larger number of data points is available
for quasi-dynamic measurements, hence this data is mostly used for training
and validation of the model, while dynamic data is used solely for validation.
The data is divided into training and tests sets. The training set is used to
define class boundaries. The test set is employed to validate if the boundaries
are suitable also for the data that was not presented to the model in training.
The train-test split proposed in this study is 75% for train and 25% for test.
The division presented in Table |3.4] was used for the threshold-based classifica-
tion with both EMD and SSA. The number of training and validation points
for probabilistic approach was altered, which is given in detail in Chapter

The available data is divided into input signals. Those inputs are recom-
puted into features, following the proposed methodology. The selection of the
input signal length N, affects the number of features that can be obtained. For

example setting N, = 10,000 it is possible to obtain 200 features for each TOA.
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Table 3.4: Number of data points available for different conditions in thousands

General condition Instability Quasi-dynamic ~ Dynamic
Train  Test  Train Test
stable - 13,500 4,500 - 600
locally unstable inlet recirculation 18,000 6,000 - 300
globally unstable  transient 12,000 4,000 - 500
globally unstable  surge 12,000 4,000 - 600

3.4 Goals of the detection system

Requirements of the detection system can vary depending on the type of moni-
tored compressor, its characteristics and application. The presence of instabil-
ities themselves is not harmful for the compressor, but rather the effects they
exert on the compressor elements. With different design and characteristics of
the machines, the effects can differ [2]. Nevertheless, precise indication of the
exact operating conditions of the compressor is advantageous and should be
pursued by an instabilities detection system.

In this thesis, the aim is to provide a quick and robust detection of a general
condition of a compressor. This means that stable, locally unstable and globally
unstable conditions can be detected and differentiated. By fulfilling this aim,
the information when to take action of suppressing the instabilities can be given
to an anti-surge system. Furthertly, it is investigated if the methods used in this
study could allow to differentiate the type of globally unstable conditions, being
transient or deep surge. In some cases, it might be needed to enable temporal
compressor operation in unstable range, prior to deep surge. This applies for
example to turbochargers, where the operating range is very important and the
effects of global instabilities on the system not as grevious as for industrial units
[7]. Should a system be capable of quick and robust identification of the exact
instabilities, it could enable greater flexibility in setting the objectives of the

system, improving the available working range of the compressor.
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This chapter presents the potential of applying an EMD-based method to com-
pressor pressure signal in order to extract and highlight the signature of un-
stable flow structures. First, a general analysis of the EMD decomposition is
performed to understand the IMFs response to changing operating conditions.
Subsequently, a parametric study of the decomposition parameters is performed
to provide guidance about their selection. Further sections focus on defining
instabilities-sensitive features that can be used in an EMD-based methodology
for instabilities detection. At first, the differentiation of general stability con-
ditions (stable, locally unstable, globally unstable) is performed with the use of
the developed methodology. This approach is shown to offer safe operation to
the machine and identification of unstable regimes but may be restrictive to the
operating range. Hence, the possibility of further differentiation of the globally
unstable conditions into transient and deep surge is investigated. It is difficult
to extract features that are only sensitive to one of these instabilities and the
signature of both instabilities is hard to fully separate with EMD due to the
overlap in their spectral characteristic. Consequently, it is proposed to take
advantage of the global instability sensitive feature. It holds the signature of
both transient and surge and can be used for their differentiation. The content
of this chapter is partly based on a manuscript co-authored by the author of

this thesis [195].
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4.1 Compressor data decomposition

To understand the response of IMFs to the presence of instabilities, the com-
pressor pressure data from different operating conditions was processed through
EMD and features based on all components were extracted, as defined in Sec-
tion The quasi-dynamic data was used and each input signal of length N,
was decomposed independently. For the initial analysis, the number of sifting
iterations (SN) was held at eight, as suggested by Wang [I88]. The length of
the input signal Ny was set to 10,000 samples, which equals 0.1 seconds of a
wall clock time with the sampling rate used. The selection of N, was based on
the physical characteristics of the surge phenomenon in the compressor system.
The Helmholtz frequency fg was estimated to be 11 Hz [9], resulting in a surge
cycle of duration below 0.1 seconds.

Figure presents the mean values of IMFs RMS for operating conditions
ranging from stable operation to deep surge. For each position of the throttling
valve, 150 input signals were used. A varying number of IMFs was obtained for
different conditions, ranging from 11 to 16. IMFs from 1 to 15 were analysed
as IMF 16 was rarely obtained and it was deemed of low diagnostic value. It
is expected that an increase in the mean RMS value of selected IMFs can be
associated with the appearance of aerodynamic instabilities in the compression
system.

IMFs differ in their response to instabilities. IMF 1, holding the highest
frequency range, seems insensitive to operating conditions for all sensors, as it
is constant in the analysed TOA range. Low IMFs, from 2 to 6 behave differently
depending on the sensor location. For p,_;, at the inlet and p,_,,; at the outlet
their RMS is steady over the whole analysed range. For ps_;m,2 at the impeller
centre and ps_;mps at the impeller end, the values are high for high TOA, when
the mass flow rate is high (see Figure but also for low TOA, when the flow

becomes unstable.
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Figure 4.1: RMS values for different IMFs at different operating conditions
and sensor locations in the experimental rig demonstrating differences in IMFs
response to unstable structures in the compressor; a) Inlet py_;,; b) Before
impeller ps_imp1; ¢) Impeller centre ps_jmpe; d) Impeller end ps_jpp3; €) Outlet
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The IMFs from 3 to 7 for the sensor ps_imp before impeller demonstrate
an important increase in RMS, correlated with local instability while being
insensitive to changes of a mass flow rate which increases towards higher TOA
values. High IMFs (IMF 7 and higher) for all sensors are showing sensitivity
to global instability, with the highest RMS value for the outlet sensor. The
indications regarding the location of instabilities provided by IMFs align with
previous studies [45, O7].

When aiming for quick and robust detection, it is important to understand
the dispersion of the data, not only its mean value. Figure presents the
confidence intervals around the mean value for IMFs 6 and 11 for ps_;y,,1 sensor
before impeller. This sensor was chosen for visualisation purposes as it is the
only one that clearly captures both local and global instabilities. The lower
confidence interval was computed as Q(0.05) and higher as Q(0.95), making the
shaded region encompass 90% of the data.
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Figure 4.2: Mean value of RMS and 90% confidence interval for selected IMFs
from ps_imp1 sensor before impeller a) IMF 6; b) IMF 11

The confidence interval varies between IMFs as well as between operating
conditions. It is very narrow for the stable operating range and increases with

the onset of instabilities.
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4.2 Influence of the decomposition parameters

For a successful EMD decomposition, it is necessary to define its intrinsic con-
trol parameters: sifting stoppage criterion and decomposition stoppage crite-
rion. The sifting stoppage criterion influences the number of sifting iterations
(SN) performed to extract each IMF, therefore it has a direct influence on the
character of IMFs [90]. The decomposition stoppage criterion defines when, of-
ten based on its energy, the residual no longer contains important oscillatory
components [90, [196]. This choice can affect the number of IMFs, but does not
influence their content. EMD outcomes and performance are highly dependent
on the input signal, mainly its length N, and content. The signal content is an
inherent property of the signal, but the input length N, can be considered a
parameter.

Figure demonstrates that EMD can be used to highlight the changes in
compressor pressure signal due to the presence of instabilities when considering
the mean value of IMFs. However, as was demonstrated in Figure [4.2] the confi-
dence interval of the components at unstable conditions may be high, hindering
a quick and robust detection of instabilities despite an important change in the
mean value. The mean and dispersion of the data can be affected by the selec-
tion of the decomposition parameters [I88] 197]. To understand the influence

of the number of sifting iterations SN and input signal length N, on IMFs, a

parametric study is performed in Sections|4.2.1]and [4.2.2] Those parameters are

considered the most important in the application of EMD pursued in this the-
sis. The effect of the decomposition stoppage criterion is deemed insignificant

in this study, therefore it is not investigated.

4.2.1 Number of sifting iterations

The choice of a sifting stoppage criterion and its influence on the extracted IMFs

has been the subject of a number of studies [139, [I88]. Wang [I88] suggested that



4.2. Influence of the decomposition parameters 108

keeping the number of sifting iterations constant provides the most repeatable
results and that keeping the number of iterations low is important to preserve the
physical character of the modes and avoid errors accumulating with every sifting
step. Increasing the number of sifting iterations also increases the time needed
for the decomposition. The SN influence on the outcome of the decomposition
can be case-specific and it has not been proven that in certain applications,
increasing the number of sifting iterations can not be beneficial. Factoring the
above, the base approach employed in this study assumes keeping SN = 8. To
investigate the influence of the number of sifting iterations on the character of
the IMFs, the EMD procedure is also performed with SN = 16 and SN = 32 to
investigate the potential benefit of increasing the number of sifting iterations.
The signal length N is set to 10,000 for sifting stoppage criterion investigation.

Figure [4.3| shows the changes in mean RMS for the sensor before impeller.
Increasing the number of sifting iterations results in a larger total number of
IMFs. Consequently, the obtained IMFs are more narrow-banded [188, [198].
Increasing the number of sifting iterations, the information about instabilities
that occupies a specific frequency range is moved to higher IMFs compared to
the decomposition with the lower number of sifting iterations. The highest value
of RMS for inlet recirculation region shifts from IMF 6 for 8 siftings, through
IMF 8 for 16 siftings to IMF 10 for 32 siftings. The same can be observed for
the peak of surge, which goes from IMF 11 through IMF 14 to IMF 17. To
investigate the changes in mean and dispersion in detail, the sections of the

RMS surface are taken.
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Figure 4.3: Changes in the RMS distribution of IMFs for a varying number
of sifting iterations in EMD procedure for ps,m,1 sensor; a) surface plot for 16
sifting iterations b) surface plot for 32 sifting iterations; c¢) contour plot for 16
iterations; d) contour plot for 32 sifting iterations

Figure [4.4] shows the mean value of RMS along the confidence intervals for
selected IMFs obtained with different SN. The mean value of the component
capturing the local instability remains very similar, despite it being a different
IMF for a different number of sifting iterations. The confidence interval, in
this case, is also very similar between the cases. For the high IMFs sensitive
to global instability, the mean value differs between the IMFs. With a more
narrow spectral range of the IMFs, it is possible that the peak observed for SN

= & is distributed between a number of IMFs. The confidence interval for all
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cases is very similar. It is narrow in the stable range, starts to increase with the

onset of instabilities and diverges for deep surge.
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Figure 4.4: Changes in mean and confidence interval of IMFs RMS for ps_imp
sensor with varying number of sifting iterations; a) IMFs capturing the presence
of local instability; b) IMFs capturing the presence of global instability

Considering the selected IMFs demonstrated in Figure there is no ad-
vantage in increasing the number of sifting iterations in the investigated range.
What is more, performing more iterations increases the decomposition time.

Thus, for further analysis, SN = 8 is used.

4.2.2 Input signal length

The choice of an input signal length N; affects both the number of points to be
processed by a decomposition method and the physical time of signal acquisition.
From Nyquist theorem [199], the input length also defines a maximum detectable
period of the oscillations to be included in the signal. The input length also
affects the content of IMFs and their number, as it influences the sifting process
[141]. To investigate the influence of Ny, four different signal lengths were used:
5,000, 20,000, 50,000 and 100,000 samples, covering a physical time from 0.05

to 1 second.
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Figure 4.5: Overview of RMS distribution of IMFs for all operating conditions
using varying input signal length N for ps_;;1 sensor before impeller a) Ny =
5,000; b) Ny = 20,000; ¢) Ny = 50,000; d) Ny = 100,000

Figure presents the mean values of IMFs RMS. The presented data is for
Ds—imp1 Sensor before impeller which held the signature of both local and global
instabilities. The surfaces are very similar to each other, except for the shortest
signal length Ny, = 5,000, where the peak associated with the presence of surge
has a lower magnitude compared to the cases with larger N;. It is because of
the surge waveform being filtered out due to the input being shorter than surge
wavelength. Though, the increase in RMS is present in the globally unstable
region, indicating that deep surge is not only characterised by pure Helmholtz

frequency oscillations but also induces pressure oscillations at higher frequencies.
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Considering the surge peak for Ny = 10,000 (Figure , its magnitude is in
between that for Ny, = 5,000 and those for longer input signals. This implies
that by capturing the frequency range below 10 Hz, a better indication of surge
can be obtained. However, the signature of surge is distinguishable with a mean
value of RMS even for a short input signal.

Comparing the distribution of RMS between IMFs, the information of in-
terest is held in the same IMFs for all the signal lengths. Both, peak for inlet
recirculation and surge are captured by the same IMFs in all cases. The total
number of IMFs obtained differs between the signal lengths, which is due to
the extraction of oscillations having a longer period when using a longer input
signal length. However, the IMFs above 15 are not sensitive to the changes in

operating conditions for neither of the input lengths.
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Figure 4.6: Changes in mean and confidence interval of IMEFs RMS for ps,mp
sensor before impeller with varying input signal length for selected IMFs a) IMF
6; b) IMF 10

The choice of input signal length N, also influences the dispersion of the
IMFs, as shown in Figure for selected IMFs capturing inlet recirculation and

surge. The confidence interval, marked with dashed lines, changes greatly when
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increasing the input signal length. The increase in input signal length decreases
the confidence interval of IMFs RMS. Hence, the longer the signal, the better
the differentiation of the conditions. However, extending the input signal length
results in longer decomposition and acquisition time needed, decreasing the
responsiveness of the system. As a compromise between opposing requirements,
the shortest signal capturing the Helmholtz frequency expected at deep surge

(Ns = 10,000) is considered a base for further analysis.

4.2.3 Timing of the decomposition

The time of instabilities detection in a compressor is crucial due to a high risk
of quick damage to the machine. The required instabilities detection time can
differ depending on a machine, its rotational speed and the network it operates in
[7]. Two factors contribute to the time needed for obtaining stability indication.

Those are:

e data acquisition time, related to the physical observation time needed for

obtaining meaningful and robust indication;

e data processing time, including the signal decomposition and processing

of the components.

In this analysis, only the acquisition time and decomposition time are con-
sidered as they are several orders of magnitude longer than the processing of
the components.

The goal of the instabilities detection method is to provide high accuracy
while minimising the time needed for detection. Depending on the physical
character of instability, it might not be possible to shorten the acquisition time
below a certain threshold. In each monitoring scenario the aim should be to
provide an online detection. The online detection is understood as a situation

where the input processing time is shorter or equal to its acquisition time.
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It enables real-time processing of the data and obtaining stability indication,

without causing a backlog.
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Figure 4.7: Time of processing a signal of different length through EMD for dif-
ferent number of sifting iterations; the dashed black line is an online processing
limit above which the method no longer can provide real-time indication

Figure[4.7|shows the timing of decomposition for different input signal length
N, and the number of sifting iterations SN. The decomposition of the same
input signal is performed on a PC class computer for a variable input signal
length, in the range from 5,000 to 100,000 samples and the number of siftings of
8, 16 and 32. The number of IMFs extracted is limited to 15. The decomposition
for each data point was performed ten times and the results shown are the
average value. The figure also depicts an online processing limit, where the
time of acquisition is equal to the processing time. The region below this line
allows for online detection.

The time needed for processing increases almost linearly with the input signal
length N, for each SN. An increase in slope is observed for an increasing number
of sifting iterations. When 8 siftings are performed, the processing time is almost

five times lower than the acquisition time. For 16 siftings, it is only about 20%
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lower than the limit, while for 32 siftings, the processing time is above the online
processing limit. Therefore, keeping the number of sifting iterations at 8 or 16
should enable online processing with the EMD-based approach, provided that a
combination of hardware and software used is at least as quick as the tested one.
For performing a larger number of siftings in an online manner, a more powerful
processing unit or a different implementation of algorithm could be used. One
of the possibilities is a field-programmable gate array (FPGA) [200] architecture
that is suited for quick computations. In the investigated case, there is no gain
coming from an increase in the number of sifting iterations, as was shown in
Section [4.2.1] Hence, further analysis is performed on IMFs obtained with SN
= 8.

4.3 General compressor stability identification

The first level of EMD-based method is to investigate the differentiation of
general stability conditions, defined to be: stable, locally unstable and globally
unstable [ The goal is to find features that can be used for quick and robust
detection of conditions. The IMFs showing detection potential are selected and
their performance is validated. The physical interpretability of those compo-
nents is discussed and, based on selected features, a feature space representation
is built. The feature space representation is used for quick and robust identifi-

cation of operating conditions of a compressor.

4.3.1 Locally unstable conditions

The first unstable condition appearing in the system when increasing the throt-
tling and decreasing the TOA value is a local instability, identified to be inlet
recirculation [9]. In the EMD-based method, its presence is reflected in an in-

crease of the RMS of IMF 3 to IMF 9 for the sensor ps_;m,1 before impeller, with

*The italic notation is used here to highlight the types of conditions investigated; this
notation is omitted further in this chapter for clarity
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the highest peak for IMF 6 (see Figure . The signature of inlet recirculation
is not exclusively captured by a single component but rather distributed in be-
tween several of them due to a broadband excitation caused by this instability

[7]. To understand the detection potential of the components, IMFs 4 to 7 are

analysed in detail.
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Figure 4.8: RMS of IMFs for all sensors and all operating conditions; a) IMF 4;
b) IMF 5; b) IMF 6; ¢) IMF 7

Figure demonstrates the changes in RMS of IMFs 4 to 7 for all sensor
in the range of TOA from stable operation to surge. The RMS for inlet sensor

Ps—in Shows no important change for local instability region for all investigated
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IMFs. The recirculation zone was probably not big enough to reach p,_;, sen-
sor, located far upstream of the impeller. The sensor ps_jm,,1 before impeller
demonstrates a substantial increase in RMS for the region of inlet recirculation
for investigated IMFs. For each of those IMFs, the region of inlet recirculation
can be clearly distinguished from stable operation. For IMF 5 and 6 there is a
single peak in the inlet recirculation region, while two peaks can be observed
for IMF 7. This may be related to the growth of inlet recirculation in upstream
direction or change in its characteristics.

The effects of inlet recirculation are not exclusive to ps_imp1 sensor before
impeller, as some of its effects are also captured by other sensors. The RMS
for ps_imp2 sensor at impeller centre shows a subtle change for IMF 5, more
important one for IMF 6 and the biggest for IMF 7. The beginning of the
increase is correlated with that observed for ps_;mp1, but the peak is shifted
towards lower TOA values. The RMS for impeller end sensor ps_;m,3 does not
demonstrate any increase over the inlet recirculation zone. For IMF 5, a decrease
is observed with a minimum in the recirculation region. It is possible that the
observed minimum is correlated with inlet recirculation, but it is not proven in
this study. The ps_ou sensor does not show any change in RMS over the inlet
recirculation region for IMF 4 to 7. It is probably due to strong mixing of the
flow and a long distance from the impeller to the outlet sensor that the signature
of inlet recirculation is not distinguishable. Overall, the best indication of inlet
recirculation can be obtained with IMF 6 obtained using data for ps_;m,,1 sensor
before impeller, therefore it is used in further analysis.

To understand the physical meaning of IMF 6, its spectral content is in-
vestigated. Figure shows the averaged spectrum from sensors ps_m,,1 and
Ds—imp2- The values come from an algebraic averaging of 150 frequency spectra
obtained for independently for 150 input signals. It can be seen that the signal
amplitude is significantly higher in the range of frequencies between 300 and

2000 Hz for TOAs where the inlet recirculation was observed. Therefore, it
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may be concluded that the IMF 6 for ps_;m,1 sensor before impeller is related
to the physical signature of inlet recirculation [9]. Overall, the amplitude of
frequencies below 1000 Hz remains higher in the unstable region than it was
for the stable region, even past the inlet recirculation region. The spectrum
for ps_imp2 sensor at the impeller centre shows a similar increase in amplitude
for the locally unstable range. Contrary to ps_impy before impeller, the level
of energy for frequencies below 1000 Hz remains similar throughout the whole

range.
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Figure 4.9: Contours of averaged spectral content of IMF 6 for a) sensor ps_imp1
before impeller; b) sensor ps_;mp2 at impeller centre

Figure @l shows the averaged spectra of IMF 6 for ps_imp1 and ps_imp2 sen-
sors at stable, locally unstable and globally unstable conditions. The spectrum
peak is located at around 700 Hz, for both ps_j;p1 and ps_imp2 sensors. The cen-
tral frequency tends to shifts to lower values for more unstable conditions. For
Ds—imp1 sensor, the lowest amplitude is present for stable operation. The inlet
recirculation data shows an important jump in amplitude, but it also remains
high for the globally unstable conditions. For IMF 6 from ps_;m,e sensor, the

difference in amplitude in reference to stable conditions can only be detected
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for locally unstable conditions. The amplitude for the globally unstable region
is almost identical with stable operation. Comparing the relative levels between
sensors, the amplitude for inlet recirculation is significantly higher for the sen-

sor before impeller, implying much higher effect of inlet recirculation in that

location.
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Figure 4.10: Averaged spectral content of IMF 6 for a) sensor ps_m, before
impeller; b) sensor ps_;mpe at impeller centre for different operating conditions

The mean value of the IMFs RMS can be used for differentiation of the
conditions. However, in a detection system which aims to be quick and robust,
the confidence interval of the features is very important. The width of the
confidence interval in the investigated case is dependent on the conditions, choice
of IMFs and input signal length. The mean along with confidence interval
of RMS of IMF 6 for ps_i,, sensor obtained using different signal lengths
N; is demonstrated in Figure [f.11 The confidence interval is computed as
@(0.05) and Q(0.95) for lower and upper bounds respectively. The interval is
the narrowest in the stable region and its width increases when instabilities start
to be present. It remains similar for the whole unstable region. The confidence
interval is wider for NS = 5,000 than for NS = 10,000. It results in its lower

extremity getting closer to the threshold defined based on the stable conditions
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as well as a slight shift of the threshold location. A further decrease in signal
length may increase the risk of misclassification in the globally unstable region
due to an upward shift of the threshold and wider confidence interval in the

globally unstable region.

0.25 i i i i i 0.25

g r_§ ‘_3 —Mean
o o ] .
) | o} Confidence interval
02 B q 02 L
0.15¢ 1 0.15¢
[92)] (%))
= =
o o
0.1 ] 0.1¢
0.05 /\_/-/ 1005 /\/—/
¥
0 ; ; ; ; ; 0 ; ; ; ; ;
5 10 15 20 25 30 35 5 10 15 20 25 30 35
TOA [%] TOA [%]
(a) (b)

Figure 4.11: Mean and confidence interval of RMS for IMF 6 at before impeller
sensor for different signal lengths; a) Ny, = 5,000; b) Ny = 10,000; the red line
is a threshold defined as @(0.995) of data from compressor stable operation

To quantify the detection performance, the accuracy of classification is com-
puted for all prospective features based on selected IMFs obtained for different
input signal lengths. The lengths range from 1,000 to 100,000 samples. The
results are shown in Figure [4.12 The accuracy is defined as a total number
of true classifications divided by a total number of classifications. The classi-
fication is considered correct if the feature remains above the threshold in the
whole unstable range. For the shortest input length, detection with accuracy
above 80% is possible with IMFs from 3 to 7, while decreasing importantly for
IMF 8. When increasing the input signal length, the accuracy increases. It
remains above 90% for most of the IMFs and lengths. The accuracy over 99%
is obtained for a number of IMFs and lengths, but it is the highest for IMFs 5
to 7. The shortest signal input demonstrating the accuracy of over 99% is IMF
6 for N, = 10,000.
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Figure 4.12: Accuracy, in percent, for the features based on different IMFs and
using different input signal length

The input length N, = 10,000 enables a good indication of locally unstable
conditions from stable. Therefore ;; based on IMF 6 extracted for the
length of 10,000 samples is defined as an EMD-based feature sensitive

to local instability.

4.3.2 Globally unstable conditions

The second type of conditions appearing in the system when increasing the
throttling level are globally unstable conditions. They are characterized by a
change in the readouts for all sensors inside the machine. The globally unstable
conditions were not identified as one specific type of instability, but rather as
two instabilities labelled transient and deep surge. The presence of the globally
unstable conditions is marked with an increase in RMS of high IMFs as presented

in Figure 4.1
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Figure 4.13: RMS of IMFs for all sensors and all operating conditions; a) IMF
9; b) IMF 10; ¢) IMF 11; d) IMF 12

Based on the overview, IMFs from 9 to 12 are selected as potential features
and their RMS is plotted in Figure {.13] For stable conditions, the RMS of
all IMFs for all sensors is constant and low, compared to the globally unstable
region. The behaviour for unstable operation differ between sensors and IMFs.

For IMF 9, the global instability is best detected with p,_;, sensor. The
increase of RMS for other sensors takes place for higher TOA values than the
defined global instability limit. The earliest increase is observed for ps_imp2,

as it starts at the beginning of the locally unstable range. The RMS for all
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sensors increases in a globally unstable range, but the increase is not consistent,
despite the increasing intensity of the instability [9]. IMF 10 behaves similarly
to IMF 9, but with more consistency and a greater increase in RMS for globally
unstable conditions. The overall character of IMF 11 is very similar to IMF 10.

The scale of the plot is dictated by the RMS increase for the deep surge
region, starting at around 10% of TOA. The behaviour of IMFs for deep surge
region is not consistent between the sensors ond IMFs. Sensor ps_;mp1 presents
a steady increase over the deep surge region. Sensor p, ., demonstrates a
sharp increase up to around 8% of TOA, followed by a sharp decrease with
further decrease of TOA. The rest of the sensors show fluctuations in the globally
unstable region, with a sharp increase at the beginning of deep surge, followed
by a stagnation or decrease, followed again by an increase towards the end of
the plotted range. The decrease of RMS for p,_,.; past the middle of deep surge
region may indicate that the signature of deep surge is leaking to other IMFs,
as the surge intensity increases till the end of the studied TOA range [9].

IMF 12 for most of the sensors shows a very similar behaviour for stable,
inlet recirculation and transient, while being completely different for deep surge
region. The sharp increase at surge is demonstrated only for sensor ps_imps
at the impeller end. Strong RMS fluctuations are observed throughout deep
surge conditions, but the absolute value remains high above that for any other
conditions. For the rest of the sensors, maximum is obtained in transient region
and a gradual decline is observed for surge conditions. The mean value for p;_;,
and ps_ o sensors even drops to zero for certain points, indicating that IMF 12
was no longer obtained for those sensors and conditions.

The behaviour of high IMFs for globally unstable conditions may result from
a significant change in the spectral content of the signal. Decreased mass flow
makes the overall energy of the signal at different frequencies lower, hence a
lower number of IMFs is extracted from the signal. This way, the signature of

surge can be present in different IMFs and the total number of IMFs extracted
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can differ. It can influence the mean value of the IMF RMS as well as its

dispersion.
0.15 = = 0.15 = =
o) [S] o [&]
:  d 5 7
0.1} ] 0.1
) 0
= =
[ o
0.05| ] 0.05+
N\,
x-& \
0 ' ' ' ' ' 0 ' ' ' ; '
5 10 15 20 25 30 35 5 10 15 20 25 30 35
TOA [%] TOA [%]
(a) (b)
0.15 " —= = 0.15 = :
.cés § % —Mean
0} 3 0} Confidence interval
013 ] 0.1f
(%2} 92}
= =
@ @
0.05¢ ] 0.05¢
\k \
. \_———‘
0 ' ' ' ; ' 0 ' ; ' ; '
5 10 15 20 25 30 35 5 10 15 20 25 30 35
TOA [%] TOA [%]
(c) (d)

Figure 4.14: Mean and confidence interval for selected IMF obtained for data
from selected sensors a) IMF 9, p,_;,; b) IMF 10, ps_in; ¢) IMF 9, ps_oue; d)
IMF 10 , ps_out; the red line is a threshold defined as ¢(0.995) of data from
compressor stable operation

The changes in IMFs 9 and 10 are the most consistent, therefore these com-
ponents are investigated in detail. Figure shows the mean RMS and con-
fidence interval of IMFs 9 and 10 for inlet and outlet sensors. In each figure,
a threshold defined as Q(0.995) of data from compressor stable operation is

drawn to demonstrate the performance of a threshold-based classification. The
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plotting range of y-axis is limited to better visualise the changes in RMS values
at the beginning of the globally unstable range.

In general, all selected IMFs could be successfully used for distinguishing
globally unstable conditions. However, they differ in classification of the condi-
tions in the locally unstable zone. It is expected of a feature to remain below the
stable threshold for locally unstable region and above for globally unstable one.
Failing to meet the first condition would result in an increase in false positive
indications, which is the case for both IMFs obtained for outlet sensor. The
appearance of the global instability would be detected earlier than using the
inlet sensor, resulting in false positive indications.

For outlet sensor, both IMFs display an important increase in the mean
value for the globally unstable region and the confidence interval is above the
threshold, causing no false negatives. For the inlet sensor, the increase in mean
value of IMFs 9 and 10 is in line with reference indication of globally unstable
conditions [9]. Therefore, a lower number of false positives is produced com-
pared to the outlet sensor. However, due to a gradual change in value and the
dispersion of the data, some errors are still present. The globally unstable re-
gion is marked with an increase in the mean value, however not as important as
in case of the outlet sensor. In conjunction with large dispersion, a number of
false negatives can be observed in the globally unstable region for IMF 10. IMF
9 performs better in this matter, as the lower bound of the confidence interval
is above the threshold.

Figure demonstrates the accuracy of classification of globally unstable
conditions using different IMFs, input signal lengths and sensors. The accuracy
is computed as a ratio of correct indications to all indications. The indication is
assumed correct when the points are above the threshold in the globally unstable
region and below for other regions.

The highest accuracy of 97% and is observed for IMF 11 with N, = 50,000
at inlet and IMF 12 with Ny = 100,000 at inlet and outlet. For shorter input
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lengths, IMF 9 with N, = 10,000 at inlet performs best with 95% of accuracy.
For both inlet and outlet sensors, increasing the input length does not lead to
an increase in accuracy. What is more, the accuracy of IMF 9 decreases and
accuracy of higher IMFs, such as IMF 12, increases. To explain this observation,
the physical understanding of the IMFs should be built, for example through
investigation of their spectral content. Despite a high overall accuracy score,
the need for a very specific choice of parameters to obtain it raises concerns

about the generality of the approach.
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Figure 4.15: Accuracy of detection, given in percent, for selected IMFs and
input signal lengths a) ps_in; b) Ps—out

Figure [£.16] demonstrates the mean frequency of IMF 9 from sensors at the
inlet and outlet for stable, locally unstable and globally unstable conditions.
The amplitude for globally unstable conditions is much higher than for locally
unstable or stable. There is a shift in the peak of the spectrum towards lower
frequencies when globally unstable conditions onset. The peak for the globally
unstable conditions is present for 60 Hz for inlet and 40 Hz for the outlet.
None of those spectra show an important increase for surge frequency of 10

Hz. Therefore, it might be concluded that globally unstable conditions can be
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accurately captured focusing on a frequency range higher than that of deep

surge.
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Figure 4.16: Averaged spectral content of IMF 9 for different operating condi-
tions and sensors &) Ps_in; b) Ps—_out

Despite the high accuracy demonstrated for selected components, the dis-
tance between the threshold and the bottom of the confidence interval for glob-
ally unstable conditions is small (Figure . This is caused by a wide confi-
dence interval, the extent of which connected with two factors.

The first factor is the variability inherent to the compressor operation and
captured in the signal. The compressor operation may not be stationary, hence
the signal collected from the compressor is not stationary. This might be re-
flected in the important fluctuations of the signal power at different frequencies,
captured by the RMS of selected IMFs. The pressure signature is also highly
noisy, therefore even if the same global structures are present in the machine,
some fluctuations of pressure are expected.

The other factor is the variability introduced by the decomposition method,
that can increase the dispersion of the feature for given conditions. Investigat-
ing the outcomes of the decomposition in detail, part of the variability can be
attributed to a mode mixing phenomenon, reported in EMD applications [90].
The IMFs obtained for subsequent input signals are not covering the same fre-

quency bands and the same physical phenomenon can be captured by different
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IMFs. The shift in IMFs content is due to a variation of the signal frequency
spectrum in time, which results in different decomposition of the input signals.
EMD extracts the components sequentially, starting from the highest frequency
ones. Hence, the change in signal structure at high frequencies can affect not
only the content of low IMFs, but also high IMFs. Changes in signal spectrum
also influence the number of IMFs obtained [90].

The mode mixing effect observed for the compressor data is demonstrated
in Figure where the spectral content of IMFs from 8 to 15 is presented for

selected input signals obtained for the same TOA from the globally unstable

region.
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Figure 4.17: Spectral content of selected high IMFs for three consecutive input
signals obtained for Ny, = 10,000 at TOA = 10%

For three selected input signals, both the number of IMFs and their content
differed. In the two first cases, the surge component was captured by IMF 11,
however, in the third case, it was IMF 13 that held such information. The mag-
nitude of the components also differed between the input signals, even though
they were collected for the same conditions. The mode mixing could possibly be
diminished by increasing the input signal length, as the fluctuations of the pres-

sure signal spectrum are more averaged. Nevertheless, the mechanism of mode
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mixing could still be present in the data. This brings a question of repeatability
and generality of a global instability-sensitive feature based on a selected IMF.

High IMFs hold the signature of the globally instability, however, due to
mode mixing, it is not possible to define an exact IMF that would always cap-
ture all physical aspects of the globally unstable conditions. The signature can
migrate between the components, increasing the dispersion of the feature. To
ensure that the entire signature of globally unstable conditions is captured, a
sum of high IMFs rather than a specific component is used as a feature. By
combining a number of high IMFs, it is possible to ensure that the globally un-
stable character of the flow is captured. What is more, the confidence interval
of a feature can be significantly decreased.

Figure demonstrates the mean and dispersion of the sums of IMFs from
8 to 12 and from 8 to 15 for Ny, = 10,000. The mean follows the same trend
that was present for IMF 10 alone (Figure , but the confidence interval is
more narrow.
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Figure 4.18: Sum of selected IMFs RMS for signal length Ng = 10,000 samples;
a) IMFs from 8 to 12; b) IMFs from 8 to 15

It can be seen that up until the globally unstable conditions, the RMS value

is low. It starts to grow in the transient region and spikes in the surge region.
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In both of those regimes, the increase is monotonic and related to the overall
severity of instability.

To investigate the effects of the components choice on the accuracy of de-
tection, the accuracy was computed for different sets of IMFs. It was assumed
that the sum consists of consecutive IMFs, with changing starting and ending
IMF, i.e. the sum starting IMF 8 and ending with IMF 12 contains IMFs from

8 to 12. The results for different sums are shown in Figure 4.19
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Figure 4.19: Accuracy of globally unstable conditions detection with summation
of IMFs obtained for signal of input length N, = 10,000 for inlet sensor py_;,

The accuracy of detection is high when the start IMF is 8, 9 or 10. When
starting from higher IMF, the accuracy drops. When investigating the influ-
ence of the end IMF, the accuracy seems to peak for the IMF 12 and decrease
slightly when including higher IMFs. The overall accuracy is over 97%, which
is comparable to using a single IMF for N, = 10,000 samples. The gain is cap-
turing all physical aspects of the globally unstable conditions. Using the sum
of high IMFs, the signature of both transient and deep surge are incorporated
in the feature. The two regions, transient and deep surge, can be differentiated
visually when investigating Figure [£.1§ due to an important change in the slope

of the RMS changes with TOA.
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The use of a sum of IMFs helps to diminish the influence of the mode mixing
and varying number of the IMFs. It enables using an input signal of 10,000
samples, while maintaining high accuracy of the indication. Therefore, a
sum of IMFs from 8 to 15 is designated ug feature, to be used for
detection of globally unstable conditions. The sum of IMFs is physically
interpretable and the differentiation between transient and surge conditions is
possible based on the magnitude of RMS, as approaching surge the RMS would
increase significantly, compared to other conditions. However, to enable the
approach where the thresholds are not defined solely based on stable conditions,

the data for unstable operation has to be obtained.

4.3.3 Feature space representation

Using the features sensitive to local and global instabilities, it is possible to
define a feature space and project compressor data onto it. Figure demon-
strates a projection of the data onto the features for stable operation, locally
unstable conditions and globally unstable conditions. The thresholds T}, for
wr and Tug for pg are computed as (0.995) of data from compressor stable
operation and plotted as horizontal and vertical lines respectively. The plot
axes are logarithmic to increase the readability.

The points for different conditions occupy different locations in the feature
space. The clusters of points for specific conditions have different dispersion.
The points for stable conditions form a concentrated cluster in the low left
corner of the space, representative of low values of both instability features.
The cluster for locally unstable conditions extends upwards from the stable
region, reaching a maximum and moving to the right in the feature space. The
points for globally unstable conditions are also more scattered than those for
stable operation, extending to the right in the feature space. Considering the
logarithmic scale of the plot, their extent is much larger than that of stable

data. Two large sub-clusters can be found, where the first cluster centres at ug
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of around 0.3, while the other at ug of 1. The presence of those clusters may
indicate the existence of two different modes that could possibly be separated.
What can also be noted it that a path can be defined in the feature space when

using the mean values of features for each TOA.
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Figure 4.20: Feature space representation of compressor data using uy and pug
features to capture general operating conditions of a compressor; thresholds 7},
and T),, defined based on stable operating conditions

The feature space can be used for classification of the points obtained from
the unknown conditions. The proposed approach is based on comparing the

feature values for the new operating point against two thresholds, defined using

stable data. The first threshold, T,

u.» when surpassed, indicated the presence

of instability, while the second threshold 7}, defines a type of instability. If
surpassed, the global instability is present.
The thresholds 7}, and 7}, represent the data well and provide good differ-

entiation between all three states. However, some misclassifications are present
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in the region where locally unstable conditions transition into globally unstable.
The great advantage of this approach is that the compressor does not have to be
operated in a dangerous, unstable region to define the threshold. The accuracy

of the classification with a feature space approach is validated in Chapter [6]

4.4 Globally unstable conditions differentiation

To ensure safety of operation while maximally extending the compressor oper-
ating range, the control system should be capable of approaching the dangerous
operating conditions as closely as possible. The globally unstable conditions
observed for the compressor analysed in this study can be furtherly divided into
transient and deep surge [9]. Differentiating these conditions could allow for
greater flexibility in setting the point of stoppage for the machine, should oper-
ation in the transient region be allowable from the structural and dynamic point
of view. Thus, this section aims to demonstrate the possibility of transient and

surge conditions differentiation with EMD-based features.

4.4.1 Transient and deep surge features

Differentiation of transient and deep surge conditions could be based on features
that are sensitive to one, but not to the other instabilities. The very first step is
to investigate specific IMFs that can provide a clear indication of the transient
operation. Based on the overview of the RMS of the IMFs (Figure , the
detection of transient conditions could be enabled using the RMS of IMFs 7 and
8. The change for different sensors and conditions is demonstrated in Figure
4.211

The character of the RMS of IMF 7 is different for each sensor. Transient
conditions differentiation could only be possible with the sensor at the outlet.
The rest of the sensors are either reacting to other instabilities or do not show
any consistent change in the transient region. For IMF 8, more sensors demon-

strate the reaction to transient conditions. The increase in the transient region
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is observed for sensor p,_;,, with the beginning of the increase coinciding per-
fectly with the defined boundary and a drop in value at the end of the transient
zone. Sensors Ps_imp3 and ps_qy: also show a similar reaction, but the increase
starts earlier, and the decrease is not as significant. The clearest indication of
transient conditions is offered by IMF 8 from the sensor at the inlet, therefore

it is investigated in detail.
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Figure 4.21: RMS of IMFs for all sensors and all operating conditions; a) IMF
7;b) IMF 8

Figure shows the confidence interval of IMF 8 for p,_;, sensor for input
signal lengths of 10,000, 50,000 and 100,000 samples. The confidence interval
of the data increases with increasing intensity of the transient conditions but
remains high for deep surge region. The interval is generally decreasing with
increasing input length. For the base length of 10,000 samples, the distribu-
tion for the transient range highly overlaps with the stable region distribution.
Increasing the input length five times, the confidence interval decreases and
the distributions no longer overlap for the majority of the transient range. An
increase in input length to 100,000 decreases further the confidence interval,
but the change is not very important compared to 50,000 samples. However,

despite the drop in the mean RMS value at the end of the transient region, it



4.4. Globally unstable conditions differentiation 135

remains above the threshold for the deep surge region. To gain a better under-
standing of its physical interpretation, the spectral content of the components

is investigated.
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Figure 4.22: Mean and confidence interval of RMS for IMF 8 at inlet sensor
for different signal lengths; a) N, = 10,000; b) Ny = 50,000; ¢) N, = 100,000;
the red line is a threshold defined as (0.995) of data from compressor stable
operation

Figure demonstrates the averaged spectral content of IMF 8 for p,_;,
inlet sensor. The frequency range of 80 to 200 Hz is the most amplified during

transient operation, exhibiting two distinct peaks around the compressor’s ro-
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tational speed of 100 Hz. Such peaks are not observed for inlet recirculation or
stable region, while they remain partly present for deep surge. Increasing the
level of throttling, the energy of the signal shifts towards lower frequencies. For
deep surge, the most important peak is observed at 60 Hz, but a sub-peak is also
visible at 40 Hz. IMF 8 does not contain a clear peak for the surge frequency
of 11 Hz, as it is contained in a higher IMF. The increased amplitude of low
frequencies suggests that pressure oscillations observed during transient condi-
tions also persist during deep surge. It is similar to inlet recirculation signature,
which remains present past the peak of this instability. Therefore, the RMS of
IMF 8 remains consistently above the threshold during deep surge conditions.
Consequently, it becomes impossible to distinguish between transient operation

and deep surge using a threshold based only on stable data.
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Figure 4.23: Averaged spectral content of IMF 8 for p,_;, sensor a) contour for
all operating conditions; b) line plots for selected TOAs

Since it is not possible to isolate the signature of transient operation, it may
be possible to focus on defining a feature isolating solely deep surge. With
the EMD method of operation, such a feature should be based on high IMFs,
holding the lowest frequency components. Based on Figure [4.13] IMF 11 should
be capable of distilling the signature of deep surge. Considering the mode
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mixing phenomenon, it is also expected that the dispersion of the data for surge
conditions may be high, which could be altered by increasing the length of the
input signal.
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Figure 4.24: Mean and confidence interval of RMS for IMF 11 at inlet sensor
for different signal lengths; a) Ny = 10,000; b) Ns = 50,000; ¢) Ny = 100,000

Figure demonstrates the mean and confidence intervals for different
input signal lengths from the p,_,,; sensor at the outlet. The increase of RMS
is observed for each input length in the region of transient and deep surge. This

increase can be associated with the amplification of the low-frequency range, as
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shown in Figure [4.25] The increase in amplitude for low frequencies, including
the frequency of surge, is present before the deep surge region.
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Figure 4.25: Contour of mean frequency spectrum of IMF 11 from selected
SENSors a) Ps_our SENSOT; b) py_z, sensor

It is not possible to obtain a clear differentiation of transient and deep surge
conditions with a threshold based on stable conditions with EMD-based fea-
tures. It is possible to obtain features providing differentiation of the conditions,
but they do not fully decouple the signature of both instabilities. Therefore, to
use those features for indication, the threshold RMS level has to be set based
on the feature values obtained for the unstable regime. Consequently, the pos-
sibility of building the model solely using data from stable conditions is lost.
What is more, obtaining the features partly decoupling transient and deep surge
conditions requires a significantly longer data acquisition period. The accurate
indication is only possible when the input length was equal to 50,000 samples.
It is five times more, compared to the feature for general stability conditions.
Since defining features that allow one to fully differentiate the exact instability

based on stable conditions is not possible, a different approach can be proposed.
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4.4.2 Feature space representation

The feature ug, based on the sum of IMFs, is holding a signature of global insta-
bility. It incorporates both, transient and deep surge conditions. The presence
of two regimes is visibly distinguishable, as per Figure and the confidence
interval is narrow for all conditions, compared to the mean value of the feature
but also individual IMFs. Therefore, it is possible to take advantage of ug for
the differentiation of transient and deep surge conditions. The differentiation
is no longer based on a threshold derived from stable conditions. However,
the gain with respect to the exact transient feature is a lower acquisition time
needed. Figure [4.26] shows the feature space representation using p and pg,
but labelling the points according to the exact instabilities observed [9]. The
non-transparent points represent the peaks of instabilities, as defined in Section
3.3.2, while semi-transparent points demonstrate data for all TOAs.

The clusters for peaks of conditions are well separated, occupying different
locations in the feature space which enables their differentiation. When con-
sidering transparent points, the overlap of the points from different classes is
visible, especially in the region between transient and deep surge conditions.
What can also be noted is that the points form a path, from stable, through
inlet recirculation and transient conditions to surge. It could be used to ex-
plore a regression approach to the detection of instabilities, however, this is not
pursued in this thesis.

Overall, the feature space representation based on local and global insta-
bility feature ug allows for a good differentiation of the conditions, including
separating transient and deep surge. There is a potential for improvement in
addressing the regions of the conditions overlap in the feature space. It can be

attempted with a probabilistic approach, which is demonstrated in Chapter [7}
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Figure 4.26: Feature space representation of compressor data using p; and
e features to capture exact instabilities present in the compressor system;
scatter points with black edge represent peaks of conditions, transparent points
represent remaining data

4.5 Summary, discussion and conclusions

This chapter demonstrated the possibility of using EMD-based features for
quick and robust detection of instabilities in centrifugal compressors. Using a
MATLAB-based EMD implementation and PC-class computer, it is possible to
provide an online detection of the general operating conditions of a compressor.

The robustness of the indication, related to the dispersion of the data for
given operating conditions, is affected mostly by the input signal length N;.
The longer the signal, the less dispersed the data. The reason for this may be
two-fold. Firstly, a longer input signal can average out the variation that is
present in the shorter portion, affecting the final indication. Secondly, the more

averaged data will demonstrate less of a spectral content variation, which affects
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the mode mixing in EMD. Changes in the number of sifting iterations does not
seem to affect the dispersion of the data in the investigated range. The increase
in the number of sifting iterations increases the decomposition time, which can
make the system unfit for online operation.

The features defined based on selected IMFs can extract the signature of
locally unstable and globally unstable conditions. A single IMF (IMF 6) is
chosen for identifying locally unstable conditions and its choice is based on
the outlook of the whole range of operating conditions. However, it could be
possible to define a group of components fit for the purpose. The feature for
identification of globally unstable conditions is composed of a number of high
IMFs (IMFs 8 to 15), holding a low-frequency range of the signal. Such a feature
is capable of capturing different physical conditions characteristic of the globally
unstable operation of the studied machine.

The globally unstable conditions indicator is similar to what was proposed
by Bianchini [58] for rotating stall detection. The difference is in the location of
the sensor to be used. Nevertheless, both approaches acknowledge the diagnostic
information coming from changes in the energy of sub-synchronous frequencies.
The compressor investigated in the case study does not display clear symptoms
of rotating stall in its operation, therefore no firm conclusion can be made about
the detection of this instability. However, it could be expected that rotating
stall would be captured in high IMFs, mostly for the sensor at impeller end.
Similarly to transient conditions, it could be difficult to define a component
clearly distilling the presence of rotating stall without a significant extension
of the data acquisition period. The same goes for establishing a meaningful
threshold value based on stable conditions. However, if such a feature can be
found, it is easily incorporable into the feature space approach.

The globally unstable conditions can be furtherly differentiated into tran-
sient and surge. Detecting the exact instability present in the system may be

useful when the aim is to maximally extend the operating range of the machine
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and the operation in transient region is acceptable from the structural stand-
point. It was demonstrated that for robust identification of transient conditions,
a much longer sampling period is required than for differentiating general glob-
ally unstable conditions. For a short input signal, the confidence interval for a
feature is very high, hindering the detection.

The threshold-based approach is no longer valid using the transient feature,
as its RMS remains above the threshold derived from stable conditions. A
similar limitation is observed for a feature capturing deep surge. Its value
surpasses the stable benchmark in the transient zone, therefore one should set a
different threshold to take advantage of this approach. The robustness of deep
surge feature is also low for the base input signal of 10,000 samples, therefore a
longer acquisition period is required. Thus, a system based on such a solution
would require a priori mapping of the unstable conditions and it would be
significantly more reactive due to the requirement of a longer acquisition time.

An alternative approach to exact instabilities detection is proposed, based
on the general feature space approach. Based on the features of local instability
pr, and global instability ueg is possible to define the stability of the system.
The thresholds based on stable conditions represent the data well. A good
indication of general stability conditions can be obtained for the Ny = 10,000,
corresponding to 0.1 s of wall clock time. The features based on selected IMFs
are interpretable. The increase in their value can be tied to an increase in the
intensity of an instability. It can be included in a decision-making process,
accounting for the severity of the unstable conditions.

The quantification of the accuracy of the EMD-based approach and a de-
tailed discussion of its advantages and disadvantages for practical implementa-

tion in an instabilities detection system are presented in Chapter [0}
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This chapter demonstrates the SSA-based approach for the detection of aerody-
namic instabilities in centrifugal compressors. Firstly, the overview of the RCs
RMS changes related to different operating conditions is demonstrated to un-
derstand the reaction of the components to changes in stability. Subsequently,
a parametric study is performed concerning how parameters of the decompo-
sition affect the mean value of components RMS as well as their distribution.
The dispersion of selected components is quantified and a preliminary selection
of the components of interest for each instability is made. Then, a detailed
study is performed for selected components to validate their performance as
instability-sensitive features. The detection of global conditions (stable, locally
unstable and globally unstable) with the feature space approach is demonstrated
and discussed. Subsequently, to increase the accuracy of detection and flexibil-
ity of a potential system, globally unstable conditions are furtherly investigated
to differentiate transient and deep surge states, defined in the source data. The
feature space representation is leveraged in each case to perform the classifica-
tion of the conditions. This chapter is based on a manuscript co-authored by

the author of this thesis [201].
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5.1 Compressor data decomposition

The compressor pressure data from all operating conditions was decomposed
with SSA and processed, as defined in Section 2.3] For the initial analysis, the
signal length N, was set to 10,000, equivalent to 0.1 seconds of a wall clock time.
It is marginally longer than the estimated waveform of surge, characterized with
the frequency of 11 Hz [9]. The initial window size L was set to 50, similar to
what was suggested by Logan [47]. The number of analysed RCs was limited to
15 as the contribution of higher RCs to the overall variance was marginal.

The overview of RCs RMS is shown in Figure For better visualisation,
the data is scaled to capture the variability of each component with respect to
the stable conditions. The scaling was done by dividing RMS values for each
RC by the mean RMS value of this RC for stable operating conditions (TOA =
30%).

The biggest change in the RMS level with respect to the stable conditions
is observed for RC 1. This component increases significantly for each sensor
at globally unstable conditions. The relative change is the biggest for inlet
and outlet sensors. Some increase of RC 1 is also visible for locally unstable
conditions for ps_imp1 and ps_imp2. For the inlet, outlet and impeller end sensor,
a slight increase in RC 1 prior to the spike in RMS value is present. Compared
to the variation in RC 1, the changes in other RCs for most sensors are far
less significant. A clear response to locally unstable conditions can be seen for
RCs 2 to 4 for sensor ps_imp1 before impeller as they experience an important
change in value for the inlet recirculation region. Such an increase is observed
neither for ps_;mpe impeller centre sensor, nor for p;_;,,»3 sensor at impeller end,
where potentially inlet recirculation could extend [82]. The changes in RMS
past RC 5 are not significant for the selected L. It is expected, as often the first
few components hold most of the information [91], however by increasing the

window length it is possible that information is also distributed to higher RCs.
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Figure 5.1: Relative RMS of RCs at different operating conditions and sensor
locations in the experimental rig demonstrating differences in RCs response to
unstable structures in the compressor; a) Inlet ps_;,; b) Before impeller ps_;pp1;

c) Impeller centre ps_ipmp2; d) Impeller end ps_ipmps; €) Outlet ps_ o
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The changes in the RMS of RCs 1 to 4 for all sensors are shown in Figure 5.2
The data in this case is not scaled to demonstrate the relation between the same
component for different sensors. The behaviour of RC 1 is very similar for all
sensors. It is low and steady in the stable operating range, increases slightly for
the local instability range for selected sensors and increases more importantly
in the globally unstable region. The increase in the globally unstable region has
two modes, where the change with decreasing TOA is less steep and more steep.
The biggest increase in relative RMS value for globally unstable conditions takes
place for the outlet sensor.

The behaviour of other RCs is more varied between sensors. For ps_jmp
sensor before impeller, the RMS level is very stable and low in the stable range.
An important increase takes place in the locally unstable region for RCs from
2 to 4. The RMS level decreases for the globally unstable zone, but it remains
higher than in the stable region. For ps_j,, sensor at impeller centre, the
decrease in RMS takes place with decreasing TOA value in the stable range.
It is followed by an increase in the inlet recirculation zone, which is not as
consistent and important as for ps_im,, sensor before impeller.

In the globally unstable range, the RMS remains relatively stable for the
transient part and increases in the deep surge region. For ps_;m,s sensor at
impeller end, RCs from 2 to 4 generally decrease for decreasing TOA, up to
the inlet recirculation zone, where they remain stable and then increase with
decreasing TOA. Certain local variations are observed for the region between
stable and inlet recirculation in RC 3 and in the transient zone for RC 4. For
inlet and outlet sensors, their RMS remains very stable for most of the operating
range. The difference in value can be observed for the deep surge region. An
increase takes place for RCs 2 and 3 for the outlet sensor, while a decrease is

observed for RC 2 from the inlet sensor.
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Figure 5.2: RMS of RCs for all sensors and all operating conditions demonstrat-
ing their response to different unstable flow structures; a) RC 1; b) RC 2; c)

RC 3; d) RC 4

The changes in RMS of selected RCs can be associated with the appearance

of instabilities in the compression system. The indications of instabilities in

terms of TOA value and sensor locations are in line with previous research

studies [9, presented in Table in Chapter |3 Therefore, the SSA-based

features can be considered prospective indicators for instabilities in centrifugal

COmMpressors.
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The possibility of quick and robust detection depends on the dispersion of the
RMS for a given component and conditions. Figure presents the mean value
of RMS and its dispersion for RC 1 and RC 2 obtained from ps_ ;1 sensor before
impeller. The dispersion for the selected sensors and components is the lowest in
the stable range and increases in the unstable range. Overall, it is low in relation
to the mean and does not interfere with the identification of the operating
conditions based on the selected components. A narrow confidence interval

indicates that SSA-based features could have a high diagnostic potential.
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Figure 5.3: Mean and confidence interval of the RMS of selected RCs from
Ds—imp1 sensor before impeller a) RC 1; b) RC 2

SSA is a data-driven method, but it requires the selection of intrinsic param-
eters to perform the decomposition. A crucial parameter for SSA decomposition
is window length L. In the implementation pursued in this study, the input sig-
nal length N, is also important as it might affect the dispersion of the data and
the overall predictive performance of the method. To understand the influence
of the decomposition parameters on the RCs, a parametric study is performed

in the next section.
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5.2 Influence of the decomposition parameters

To investigate the influence of the decomposition parameters, the data from
Sensor ps_;mp1 before impeller is used. It is chosen due to sensitivity to both
local and global instability. Two parameters investigated in this study are signal

length Ny and window length L.

5.2.1 Input signal length

Figure demonstrates the relative RMS of selected RCs for input signal
lengths N, = 5,000 and N, = 100,000 which are both shorter and significantly
longer than the base input length Ny = 10,000 (Figure . For each decom-
position, the window length was kept constant at value L = 50. It can be seen
that the character of the first five RCs is not affected by the selected signal
length as their general shape is very similar. The first two RCs were shown to
capture both locally unstable and globally unstable conditions signatures, thus
they are investigated in detail.

The effect of signal length Ny on RC 1 and RC 2 RMS mean value and
dispersion is shown in Figure[5.5 The mean values of RC 1 are almost identical
in most cases, except for the shortest input signal. For N, = 5,000, the signature
of deep surge is not as strong as it is for longer signal inputs. This is again due
to the limitations coming from Nyquist theorem [199]. The dispersion of the
data decreases with increasing input length, being significantly larger for Ny, =
5,000 than for other input lengths.

Considering RC 2, the mean values for all lengths are almost identical and
there is no important difference for the shortest input length. Considering that
RC 2 captures the signature related to inlet recirculation, the cut-off of low
frequencies does not affect the RMS of this RC. The influence of the input length
on dispersion is the same, with a clear decrease in magnitude with increasing

input length.
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Figure 5.4: Relative RMS of selected RCs from ps_imp1 sensor before impeller
for different lengths of the input signal; a) N, = 5,000; b) Ny = 100,000
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Figure 5.5: Mean and dispersion of RMS for selected RCs obtained using dif-

ferent input signal length N, for ps_;mp, sensor before impeller a) RC 1; b) RC
2

5.2.2 Window length

The choice of the window length in SSA has an important influence on the RCs
[01], 159]. There is no universal rule defining the optimal window length. The

selection may differ depending on the character of the signal and the expected



5.2. Influence of the decomposition parameters 151

decomposition outcomes. In general, the window length defines the longest
period that is decomposed from the original signal [91]. This may be used as
a guidance on the minimum window length value, in reference to the physics
of the phenomena captured in the signal. Considering the upper length limit,
the window length should be lower than half of the input signal length N, [91].
This range is often wide, therefore the window length selection is commonly
preceded by a sensitivity study [47, 15§].

To understand the RCs sensitivity to window length changes, a parametric
study of window length was performed. Windows of length from L = 100 to L
= 1000 were investigated for an input signal of length N, = 10,000. The data
from ps_imp sensor before impeller was used as it contained both the signature
of locally and globally unstable conditions.

Figure [5.6| demonstrates the changes in RMS repartition with changing win-
dow length L. The relative RMS is used, which is obtained by dividing the
RMS for each RC by the RMS of this RC for the stable conditions (TOA =
30%). The effect of increasing the window length is mostly visible for the region
of inlet recirculation. The initially concentrated peak observed in RC 2 for the
base window length L = 50 (Figure is getting distributed between higher
RCs for L = 100, or between most of the RCs in the investigated range for L
= 200 or L = 500. For the longest window, the increase in RMS in the inlet
recirculation range is less significant and more distributed between the RCs.
The character of peak in the globally unstable region, observed for RC 1 is very
similar for all window lengths. The magnitude of the peak is the highest for the
longest window. Since a relative RMS is investigated, it may result from the
highest RMS value in unstable conditions, the lowest value in reference stable
conditions or the combination of both. If the information to be extracted is not
a component of specific frequency, then increasing the window length can cause
the distribution of its signature between a number of RCs, which often is not

beneficial to the detection potential of a method.
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Figure 5.6: Relative RMS of RCs for ps_i,,1 sensor before impeller for different
window lengths; a) L = 100; b) L = 200; ¢) L = 500; d) L = 1000

Figure demonstrates mean values and dispersion of RC 1 and RC 2
RMS for ps_imp1 sensor before impeller. For RC 1, there seems to be very
little difference in between the window lengths concerning both the mean and
dispersion. A slight difference can be observed in the locally unstable region
(TOA 20%), where for L = 50 there seems to be an increase in the RMS value,
while it is less significant or none for the longer windows. This is probably due

to the signature of inlet recirculation being captured in RC 1 because of a short

window length L.
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For RC 2, the difference between the RMS for different window lengths is
much more significant. For the shortest window, the increase of RMS in the
locally unstable region is clear. By increasing the length of the window, the
difference in RMS for the locally unstable range changes. For L = 100, it has
the same shape but a lower magnitude than for L = 50. For L = 200, two
peaks are observed and the RMS does not show its maximum where the highest
intensity of locally unstable conditions was observed [9]. The RC 2 for L = 500
does not show a clear reaction to any of the unstable conditions, while for L
= 1000, the RC 2 clearly captures the signature of global instability. This is
related to the decomposition of the signal into more components, which makes

the signature of a single instability to be more dispersed between the RCs.
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Figure 5.7: Mean and dispersion of RMS of selected RCs for pg_m,y1 sensor
before impeller for different window lengths L a) RC 1; b) RC 2; solid line
represents the mean value, dashed line demonstrates the confidence interval of
90 %

Overall, the choice of window length has to be adapted to the instability
to be captured. When using a long window, some of the features might be
over-decomposed, meaning that their signature is shared between a number of

components. This might result in the need for grouping of the components [91],
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which makes the feature extraction procedure even more specific to a given case
and introduced another source of variability. Extending the window length in-
creases the decomposition time, which makes the system less responsive. There-
fore, in principle, it should be long enough to sufficiently decompose a signal

for a given purpose, but no longer to limit the acquisition and processing time.

5.2.3 Timing of the decomposition

In SSA decomposition, the timing is influenced by the input length and window
length. To understand the window and signal length influence on timing limi-
tations coming from the choice of window length, a timing study is performed.
The decomposition of the same input signal is performed on a PC-class com-
puter for a variable input signal length N, in the range from 5,000 to 100,000
and window length L from 50 to 500.
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Figure 5.8: Time of SSA decomposition depending on the input signal length
Ny and window length L for obtaining different number of RCs a) 15 RCs; b) 2
RCs; the dashed black line is an online processing limit above which the method
no longer can provide real-time indication

Two scenarios regarding the number of RCs are investigated. In the first,

the number of RCs extracted is limited to 15. In the second case it is limited
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to 2, as they were sufficient to obtain a comprehensive indication of globally
and locally unstable conditions. The advantage of SSA is that the components
can be independently reconstructed, unlike for EMD where they have to be
sequentially extracted from the lowest to the highest. The decomposition for
each data point was performed ten times and the results for averaged timing
are shown in Figure

The time needed for processing almost linearly increases with the input signal
length Ny for extracting 15 RCs. The line limiting the online decomposition is
almost identical to the decomposition for L = 50. All other window lengths
result in decomposition taking a longer time than the acquisition time. For the
extraction of 2 RCs, the linear character of the change in timing is not observed.
With a lower number of computations, the effects of background processes are
not fully controlled on Windows machines, therefore they can affect the timing.
Limiting the number of extracted RCs, the decomposition time is over 4 times
shorter for each window length, allowing one to obtain an online decomposition
while using a longer decomposition window.

The timing study in this thesis is used to understand the order of magnitude
of timing and investigate the feasibility of online detection. SSA decomposition
could possibly be accelerated when using different hardware and software, for
example, based on FPGA architecture [202] Therefore, despite the limitation
coming with the choice of a longer window, the windows above 200 are not

excluded from further analysis.

5.3 General compressor stability identification

This section demonstrates how the SSA-based features can be used for quick
and robust identification of general stability conditions. Three general states

are defined, being stable, locally unstable and globally unstable [] The features

*The italic notation is used here to highlight the types of conditions investigated; this
notation is omitted further in this chapter for clarity
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indicative of each unstable condition are defined to enable the detection. Those
features can be based on selected components or groups of components that
best highlight both the presence and intensity of an instability. In this thesis,
the focus is on finding specific RCs that hold clear information about instability

and avoid the need for grouping of the components.

5.3.1 Locally unstable conditions

The first unstable condition appearing in the system when increasing throttling
and decreasing TOA level is a local instability, defined to be inlet recirculation.
Inlet recirculation for the initial SSA decomposition parameters was mostly
reflected by an increase in RMS of RC 2 for sensor ps_imp before impeller,
however, certain traces of this instability were observed for subsequent RCs as
well as for selected RCs for the downstream sensor at impeller centre. Figure

@ demonstrates the RMS of RCs 2 to 6 for sensors ps_imp1 and ps_impa.
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Figure 5.9: RMS of selected RCs for all operating conditions obtained for sensors
a) Ps—imp1; b) Ps—imp2

The RMS of RCs 2 to 6 for ps_imp1 sensor is generally low and stable for

normal compressor operation, increases for local instability and decreases for
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the globally unstable region. The magnitude of the peak for the locally unsta-
ble conditions is lower for each consecutive RC. RCs from 3 to 6 have almost
identical magnitude and the increase starts at ever higher TOAs. Each con-
secutive RC reacts to the presence of local instability for lower value of TOA,
demonstrating an increase in its RMS value. The RMS of each RC for globally
unstable conditions remains above the level established for stable operation.
Since the magnitude of RC 2 is the highest in the locally unstable region and
its increase coincides with the begining of the locally unstable zone, it might be
considered a prospective indicator for the local instability presence.

The RMS of RCs 2 to 6 for ps_imp2 sensor demonstrates some potential for
locally unstable conditions differentiation, but it is not as clear as for the sensor
before impeller. In the stable region, the RMS of RCs from 2 to 5 seems to be
related to the mass flow, which decreases with increasing throttling. An increase
in RMS of RCs 2 and 3 can be seen in the region of locally unstable conditions,
followed by a decrease at the beginning of the globally unstable region. Another
increase can be observed for the end of the globally unstable region. As much
as it might capture certain traces of inlet recirculation, the RCs from the sensor
at impeller centre seem not to be exclusively tied to the local instability.

To consider a feature robust, it is important to evaluate its dispersion for
varying conditions and understand its sensitivity. Figure demonstrates the
changes in the dispersion of RC 2 for p,_m,1 sensor before impeller for varying
input signal length N,. The dispersion of the data is overall low and similar
throughout the whole range of operating conditions. The increase in input
signal length results in a lower level of dispersion, however, the change is not
very important and the inlet recirculation zone can still be distinguished from
stable conditions even if the signal length Ny = 1,000. The presence of inlet
recirculation brings far less risk to machine operation and can be sustained in
many cases, hence decreasing the input length for the cost of robustness is not

beneficial and the input length Ny, = 10,000 is considered appropriate.
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Figure 5.10: Mean and confidence interval of RC 2 obtained for sensor ps_mp1
for different input signal length a) Ny = 1,000; b) N, = 5,000; ¢) N, = 10,000;
the red horizontal line represents a threshold defined as ©(0.995) of data from
compressor stable operation

To understand the physical character of the components holding the signa-
ture of inlet recirculation, their spectral content is investigated. It is obtained
through the computation of a Fourier transform for the components obtained
for independent inputs and averaging such spectra over 150 input signals for
the same conditions. The results for RC 2 are presented in Figure |5.11] The
spectral content of the RC 2 demonstrates a wide, single smooth peak centred

at around 1000 Hz. This is in line with previously observed inlet recirculation
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characteristics for this machine [9] and remains within the range defined for
other machines [43]. The averaged spectral content of RC 3 has a similar shape,
except for a peak resulting from blade passing frequency at 2300 Hz. The cen-
tre of the peak is shifted towards a higher central frequency of approximately
2000 Hz, where the inlet recirculation signature could also extend [9]. For TOA
values of 30 and above, RC 3 displays also some peaks at higher frequencies,
over 10,000 Hz. In the inlet recirculation zone, the increase in RMS at low
frequencies is also present, which is not observed in other regions. The analysis
of spectral content demonstrates that the content of components is highly data-
driven and the same RCs can focus on different frequency ranges, depending on

the conditions.
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Figure 5.11: Contour of averaged spectral content of selected components of RC
2 obtained from different sensors a) ps_imp1; b) Ds—imp2

Figure demonstrates the accuracy of detection for varying window
length and number of RC. The accuracy is defined as the number of correct
indications of conditions divided by the total number of data points. The cor-
rect indication is assumed to be below the threshold for stable conditions and
above the threshold for both locally and globally unstable conditions. It can be

noted that using the shortest window length L = 50, a very accurate detection
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can be obtained with both RC 1 and RC 2, reaching almost 100 %. Increasing
the window length does not result in higher accuracy for neither of RCs, but
more components tend to provide accurate indication. It is related to the signa-
ture of local instability being shifted to higher RCs and shared with more RCs.
With no increase in accuracy and an evident increase in the time needed for
the decomposition, extension of the window past L = 50 is not recommended

in this particular case.
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Figure 5.12: Accuracy of local instability detection with selected RCs obtained
for different window lengths

Considering both the mean values of RMS for different conditions as well as
their dispersion, it is possible to define a feature that can robustly capture the
presence of the locally unstable conditions. This feature p;, is designated as
RMS of RC 2 obtained from sensor p,_;,,1 before impeller for input
signal length N, = 10,000 and window length L = 50.

5.3.2 Globally unstable conditions

With a further increase in throttling past the locally unstable conditions, the
compressor enters the globally unstable regime [9]. Figure m shows the be-
haviour of the RMS of RC 1, both in the global range and in a limited range
to better visualise its behaviour close to the boundary. The overall character
of RC 1 is similar across the sensors, but the increase related to the onset of
instabilities begins at different TOAs. It is the earliest for ps_jmp1 and ps_imp2,
which seem to indicate the influence of locally unstable conditions. A delayed

reaction is observed for ps_;mps sensor and ps_,,,; sensor. They start to increase



5.3. General compressor stability identification 161

in the middle of the locally unstable range, indicating that the signature of
global instability starts to be present earlier for those sensors. The latest re-
action is observed for p,;_;,. The increase is exactly in line with the boundary
of a globally unstable range [9]. The RMS of RC 1 for sensors at the inlet and

outlet are prospective indicators and they are investigated in more detail.
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Figure 5.13: RMS of RC 1 for all sensors and conditions a) full range; b) limited
range to highlight the changes in locally unstable region

Figure demonstrates the mean and dispersion of the RC 1 obtained
from ps_;, and ps_ou: sensors. The plot also includes the threshold obtained from
stable conditions for each sensor. The dispersion is low for the stable region and
increases with the onset of unstable conditions. The confidence interval follows
the changes in the mean and the dispersion of the data does not hinder the
possibility of globally unstable conditions detection. To investigate the physical
meaning of the RCs and the reason for their different behaviour, their spectrum
is investigated. Figure demonstrates a spectral content of RC 1 for inlet
and outlet sensors. The overall spectral content of RCs is very similar in its
range. A visible increase in amplitude is observed for low TOA values for both

sensors, however, it starts earlier for the outlet sensor. Therefore, the earlier
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increase in RMS of RC 1 for the outlet sensor comes from the physical character

of the signal registered at that location.
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Figure 5.14: Mean and confidence interval of RMS of RC 1 obtained for window
length L = 50 from selected sensors a) ps_;, sensor at the inlet; b) ps_,,; sensor at
the outlet; the red line is a threshold defined as Q(0.995) of data from compressor
stable operation
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Figure 5.15: Contour of the mean frequency spectrum of RC 1 for all operating
conditions for selected sensors and window lengths a) ps_in, L = 50; b) ps_out,
L = 50;

The shift in the reaction to globally unstable conditions can be dependent
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on the selected window length. The changes in RC content due to variations
in the decomposition window length are not trivial. To investigate how first
RCs for different selection of the window length could be used for detection, the
accuracy of prospective features is investigated.

The accuracy is defined as a ratio of correct indications to all indications
made in the whole operating range. A correct indication is assumed to be over
the threshold for the globally unstable range and below the threshold elsewhere.
The results are shown in Figure for both inlet and outlet. For the base
window length, the accuracy of detection for inlet sensor is higher than for
the outlet. It is caused by a too early increase in feature value for the outlet
sensor compared to the data labels, resulting in errors in the locally unstable
range. When increasing the window length, more RCs perform well in detecting
globally unstable conditions. This is due to the signature of global instability

being shared by those components.
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Figure 5.16: Accuracy of indication based on threshold derived from stable
conditions for a) ps_in; b) Ps_out

The accuracy of indication for both sensors increases with an increase in
window length, as then the number of misclassifications in the locally unstable
range decreases (see Figure. The extension of window length results in the
RMS increase at higher value of TOA. The increase in accuracy is at about 5%
for the inlet sensor, but it comes at the cost of increased decomposition time.
The errors affecting the accuracy are made near the defined stability line. Since

the RMS of RC 1 is related to the intensity of instability, such errors does not
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have to be misclassifications, which is discussed in Section Due to the
overall high accuracy and short decomposition time, the shortest decomposition
window is considered appropriate.

For further investigation, an RC 1 obtained for window length L —
50 and sensor p,_;, is designated ju; feature, to be used for detection

of globally unstable conditions.

5.3.3 Feature space representation

Using the features p; and pug, it is possible to define a feature space related
to SSA-based features and project the compressor data onto it. Figure
demonstrates a projection of the data for stable operation, locally unstable
conditions and globally unstable conditions. The thresholds for 7,, and T},
computed as @(0.995) of data from compressor stable operation, are plotted
as horizontal and vertical lines respectively. The plot axes are logarithmic to
increase the readability of the data.

The points for different conditions occupy different locations in the feature
space. Stable points form two clusters in the low left corner of the space.
The clusters have their means shifted in the horizontal direction. For the local
instability, some sub-clusters are observed. The clusters have their means shifted
in both horizontal and vertical directions. The vertical shift can be associated
with data obtained from separate TOAs, for which the value of i, feature differs.
Along with limited dispersion, the points for subsequent TOAs do not overlap in
the feature space, forming separate clusters. For each such sub-cluster, a smaller
cluster offset to the left of the feature space can be observed. The reason for

the presence of a smaller, shifted cluster is explored in Chapter [0}
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Figure 5.17: Feature space representation of compressor data using u; and
pe features with thresholds 7),, and 7),, defined based on stable operating
conditions

The points for globally unstable conditions are also more scattered than
those for stable operation, extending to the right in the feature space. Consid-
ering the logarithmic scale of the plot, their extent is much larger than that of
stable data. The clusters for individual TOA values are not observed for glob-
ally unstable conditions. With a much higher dispersion, the difference in mean
value is not significant enough to demonstrate separate clusters. However, two
large sub-clusters can be seen, where the first cluster centre is located at pg of
around 0.1, while the other at ug of 1. The presence of those clusters reflects
two different modes included in the globally unstable conditions.

The feature space representation and thresholds derived from the stable op-
eration can be used for the classification of the unknown conditions. To define
current stability, two thresholds have to be used. Being over the first thresh-
old T,

.., the data is considered to come from unstable operation. The second



5.4. Exact instabilities detection for increased accuracy 166

threshold 7, defines a type of instability. If the point is below, it is a local
instability. If it is above, the instability is considered global. The thresholds
T,

y, and T}, derived from stable operation represent the data well and provide

good differentiation between all three states. To obtain the thresholds, only the
data from stable operation is required. It is considered an advantage because
it limits the risk associated with driving the compressor towards an unstable
operation. However, it can be noted that some points are misclassified in the
region where locally unstable conditions transition into globally unstable. The
detailed study of the accuracy of the classification with an SSA-based feature

space is demonstrated in Chapter [6]

5.4 Exact instabilities detection for increased ac-
curacy

Using features based on the components from SSA decomposition, it is possible
to differentiate the general conditions of the compressor using thresholds derived
from stable data. The globally unstable conditions can be furtherly divided
into transient and deep surge [9]. The aim of this section is to investigate the
possibility of defining SSA-based features capable of robust differentiation of
those two states. Such a possibility could increase the flexibility and accuracy

of the instabilities detection system.

5.4.1 Transient and deep surge features

Transient conditions are a part of the globally unstable range. When increasing
the level of throttling, they are present after inlet recirculation and prior to
deep surge. Thus, detection of transient conditions can be taken advantage of
to predict deep surge onset, while maximally extending the operating range of
the compressor. With SSA decomposition using window length L = 50 (Figure
, there is no component reacting solely to transient conditions. Investigating

the RCs in more detail, a change in the behaviour of RCs from 2 to 4 for sensors
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Ds—imp2 at the impeller centre can be seen, as well as a local increase in RMS
for RC 4 for sensors ps_mps at the impeller end. The transient conditions are
also marked with an increase in RMS of RC 1 for all sensors, but not as clear
or important as for deep surge. With RC 1 holding both, the signature of
transient and deep surge, it should be furtherly decomposed in order to isolate
those signatures. It is expected that increasing the window length L, a part of
the information contained in RC 1 will be distributed to subsequent components

and possibly the modes of transient and deep surge could be separated.
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Figure 5.18: RMS of RC 2 for all sensors and all operating conditions for dif-
ferent window lengths; a) L = 200; b) L = 500;

Figure [5.1§ demonstrates the RMS of RC 2 for the window lengths L = 200
and 500. For L = 200, it has a constant value in the stable region, followed by
an increase in the transient region. The increase at the outlet starts for a higher
TOA value and does not demonstrate any distinct behaviour for the transient
region. The RMS for the inlet sensor starts to grow at the edge of the transient
region, peaks there and drops prior to the onset of deep surge, where it remains
stable. With a longer decomposition window, the behaviour is very similar. The
peak in the transient region has a higher magnitude and the component shows

an increase in the deep surge region instead of stagnation. Offering the clearest
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indication of the transient region, the sensor at the inlet will be considered in
detail. For either window length, the RMS level in the surge region remains
above the threshold that could be obtained with stable data.

Investigating the dispersion of the data, decomposition for L = 200 and L
= 500 is considered and presented in Figure 5.19] As much as the mean value
should allow isolating the transient region from stable conditions, the dispersion
is high, both for stable and transient conditions. Therefore, robust detection

for those conditions is not possible.
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Figure 5.19: RMS of RC 2 for all sensors and all operating conditions for differ-
ent window lengths; a) L = 200; b) L = 500; the red line is a threshold defined
as 2(0.995) of data from compressor stable operation

The change in RMS of RC 2 obtained for L = 500 at transient conditions
indicates that it captures signatures of this instability. However, it is not pos-
sible to define a threshold based on stable conditions that could differentiate
transient from deep surge based on this feature. The RMS level for RC 2 in
the deep surge region does not drop below the threshold defined with stable
data. It might imply that the extracted feature is not fully representative of

the physics of transient compressor behaviour or that the transient behaviour is
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still present at deep surge. To gain a deeper understanding of the system, the
spectral content of RC 2 is investigated.

Figure shows mean spectral content for RC 2 obtained with L = 200
and L = 500. The transient signature is associated with the presence of three
frequency bands centred at around 60, 90 and 105 Hz. Those bands are amplified
over the background level for most of the operating range and get furtherly
amplified for the transient region. The amplification of low frequencies also takes
place, especially for the deep surge region. This results in an increased level of
energy for that region, despite a lower intensity of the phenomena associated

with transient operation.
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Figure 5.20: Contour of mean frequency spectrum of RC 2 for all operating
conditions for ps_;, sensor and different window lengths a) L = 200; b) L =
500;

With RC 2 having a value above the benchmark for both transient and deep
surge region, a feature sensitive only to deep surge should be seeking to make a
differentiation between the two zones. It is expected that such a feature would
be based on RC 1, as surge dominates the signal characteristics. However,
investigating RC 1 for various window lengths (Figure , the increase in

their RMS above the benchmark level starts for the transient region. The rise
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in RMS level for the transient region is observed for all window lengths. For
higher length values, it is less significant, but still results in a feature value
above the threshold. Therefore, it is not possible to fully isolate the signature
of deep surge with this feature. Investigating the spectral content of RC 1 for
different window lengths (Figure , it can be noted that the presence of
the transient signature is limited when extending the window length. However,
the increase in energy for low frequencies, below 30 Hz starts in the transient
region. Therefore, should a window length be furtherly increased to remove the
presence of transient conditions peaks located around 100 Hz, the feature based
on RC 1 would still increase above the stable threshold in the transient region.
Hence, defining a feature differentiating deep surge from transient conditions

based on a threshold derived from stable data may not be possible.
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Figure 5.21: Mean and confidence interval od RMS of RC 1 obtained for selected
sensors with different window length a) ps_;,, L = 200; b) ps_in, L = 1000;
the red line is a threshold defined as (0.995) of data from compressor stable
operation

Concluding, the differentiation of transient and deep surge conditions based

on the threshold defined using stable conditions is not possible with SSA-based
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features. It is possible to define features sensitive to those instabilities, how-
ever they are not capable of fully separating their signature. To use them in
a threshold-based detection system, the values of thresholds have to be set us-
ing data from unstable conditions. What is more, the cost of obtaining those
features is high, as they require using a long decomposition window. The differ-
entiation of transient and deep surge conditions may be possible with a global
instability feature pg. In this context, the data from unstable compressor op-
eration has to be obtained, but a short window length can be used to ensure

system responsiveness.
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Figure 5.22: Contour of mean frequency spectrum of RC 1 for all operating
conditions for ps_;, sensor and different window lengths a) L = 200; b) L =
1000

5.4.2 Feature space representation

The feature ug, based on RC 1 incorporates a signature of both, transient and
deep surge conditions. The presence of two regimes is visibly distinguishable,
as per Figure [5.14] Therefore, it is possible to take advantage of ug for the
differentiation of transient and deep surge conditions. The differentiation is
no longer based on a threshold derived from stable conditions. Figure [5.23]

demonstrates the mapping of the feature space using py and ug features and



5.4. Exact instabilities detection for increased accuracy 172

compressor data. The labels of the points in the figure are based on the exact
instabilities observed [9]. The points with a black border represent the values
obtained for peaks of instabilities, while transparent points demonstrate the

remaining data.
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Figure 5.23: Feature space representation of compressor data using p; and
e features to capture exact instabilities present in the compressor system;
scatter points with black edge represent peaks of conditions, transparent points
represent all data

Overall, the clusters for peaks of conditions are well separated in the feature
space. The data for different conditions also generally occupy different locations
in the feature space, although those regions tend to overlap at some locations.
The part of transient points overlaps with deep surge data for a region where
a transition between those conditions takes place. A similar overlap can be
observed between inlet recirculation and transient conditions, suggesting that

the change in stability is gradual when the TOA changes are small.
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With the presented data, it is even more clear that the points form a path
in the feature space for changing TOA value. The features defined based on
RCs are interpretable, hence the location of a point in the feature space should
be related to the intensity of an instability. This feature space representation
can be used for differentiation of the exact instabilities present, however, it is
necessary to obtain a mapping of the unstable conditions first. This might be
disadvantageous compared to using thresholds derived from stable operation.

Overall, the feature space representation based on local and global instability
features allows for good differentiation of the conditions, including separating
transient and deep surge. A potential for improvement lies in addressing the
regions of the conditions overlap in the feature space. It can be attempted with

a probabilistic approach, which is demonstrated in Chapter

5.5 Summary, discussion and conclusions

This chapter demonstrated the possibility of defining SSA-based features that
can be used for quick and robust detection of the operating conditions of the
compressor. Using MATLAB implementation of SSA algorithm and a PC-class
computer, it is possible to provide an online detection of the general operating
conditions of a compressor. The robustness of indication, related to the disper-
sion of the data for given operating conditions, is affected by the input signal
length N, and decomposition window length. The longer input signal decreases
the dispersion of the data. Increasing the window length changes the repartition
of the data between the components and the influence on the confidence interval
of features is not trivial. If the decomposition window is too long, it might be
possible that the components have to be grouped to extract a meaningful phys-
ical signature. The need for grouping makes the selection of the components

more difficult and adds variability to the system, making it less general. The
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extension of window length importantly affects the time needed for the decom-
position, hence the window length should be sufficiently long to decompose the
data properly, but not longer to limit the acquisition and processing time.

The features defined based on selected RCs are sensitive to locally unstable
and globally unstable conditions. Each feature is based on a single RC to avoid
the components grouping after the decomposition. The signature of interest is
held within the two first RCs, but obtained from different sensors. The global
instability feature is based on RC 1 for the p,_;, sensor at the inlet, while
the local instability feature is based on RC 2 from the ps_jmp1 sensor before
impeller. Both features are obtained for the input signal length N, = 10,000 and
window length L = 50. Such a combination of decomposition parameters and
components allows obtaining physically meaningful features that can capture
and be used to differentiate general operating conditions.

Globally unstable conditions can be furtherly differentiated into transient
and deep surge. Detecting the exact instabilities might be useful when the aim
is to maximally extend the operating range of the machine. It is possible to
define SSA-based features sensitive to transient conditions. However, such a
feature requires increasing the window length, extending the time needed for
the decomposition. What is more, differentiation of the transient conditions
based on a threshold derived from stable conditions is not possible. The feature
level grows importantly in the transient range, but remains above the threshold
for deep surge conditions. A similar observation can be made when aiming for
a feature extracting the pure signature of deep surge. Its value surpasses the
stable benchmark in the transient zone, followed by an important increase in the
deep surge region. Consequently, using the threshold defined solely on stable
data is not possible. What is more, extracting such features requires significant
extension of the window length, negatively affecting the pace of the detection.

An alternative approach to exact instabilities detection is proposed, based

on the general feature space approach. Based on the features of local instability
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ur, and global instability ug is possible to define the stability of the system,
taking advantage of the values of the features. The thresholds derived from
stable conditions do not differentiate the transient and deep surge. Therefore,
obtaining the data for unstable conditions is required to differentiate transient
and deep surge.

The quantification of the accuracy of the SSA-based approach and a detailed

discussion of its advantages and disadvantages is presented in Chapter [6]



Comparison of EMD and SSA
6 for instabilities detection

In this chapter, the instabilities-sensitive features based on EMD and SSA are
compared. Firstly, the features capturing general operating conditions are com-
pared to explore their similarities and differences. Subsequently, the models
built with quasi-dynamic data are validated with dynamic data to investigate
the representativeness of features obtained using data from different experi-
mental protocols. Next, the accuracy of both methods is investigated and the
regions of misclassifications are analysed in detail to understand the reasons for
incorrect classification. The chapter is finished with a summary of the methods
performance, as well as identification of strengths and threats for implementa-

tion to a real-time instabilities detection system.

176
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6.1 Comparison of instabilities-sensitive features

Using both EMD and SSA, features for local and global instabilities were de-
fined, that proved to operate best for the detection of different instabilities. The
features were termed p;, and pg respectively and were used for the detection of
local and global unstable operating conditions, but the value of ug could also
be used for differentiation of transient and surge conditions. With the similar
performance of features obtained with both methods, a detailed comparison is
presented in this section. The goal it to understand the physical characteristics
and differences between the features. Such analysis can help to understand how

the features could be used for monitoring other compressors.

6.1.1 Local instability feature uy

Figure[6.1)demonstrates the changes in local instability features for two methods
obtained using EMD and SSA. The behaviour of local instability features pp,
obtained with both methods is very similar throughout the whole investigated
range. Their value is low and stable for stable operating conditions, starts
to increase in the locally unstable region and falls down for globally unstable
conditions. The magnitude of the EMD-based feature is higher for the whole
operating range, suggesting that both features are not identical when it comes
to their content. The dispersion is higher for EMD-based features, especially in
the unstable region.

To investigate the character of the features, their averaged spectral content
for the entire operating range is plotted in Figure [6.2] The character of the
spectrum is very similar, with a peak located at a frequency of around 1000 Hz.
The centre of the peak for EMD is at a slightly lower frequency than for SSA.
In the locally unstable conditions zone, the amplitude of lower frequencies is
also increased. Frequencies higher than 10,000 Hz do not seem to significantly

contribute to the spectrum of the feature.
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Figure 6.1: Features sensitive to locally unstable conditions obtained with differ-
ent decomposition methods a) EMD; b) SSA; the red horizontal line represents
a threshold defined as Q(0.995) of data from compressor stable operation

The spectra for selected conditions are plotted in Figure [6.3] They are
almost identical for both methods, with the spectrum for SSA showing less
oscillations around the mean value. The difference in spectra can be observed
for low frequencies, where the spectra for SSA have a very similar amplitude,

while there is a higher difference in value between conditions for EMD.
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Figure 6.2: Contour of an averaged spectral content of iy, feature obtained with
different decomposition methods a) EMD; b) SSA
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Figure 6.3: Averaged spectral content of p feature for selected operating con-
ditions, obtained with different decomposition methods a) EMD; b) SSA

Both extracted features are very similar in their character and seem to rep-
resent well the presence of local instability. The SSA-based feature seems to

have a slight advantage due to a lower confidence interval.

6.1.2 Global instability feature ug

The global instability features based on EMD and SSA components are shown
in Figure [6.4] Similarly to the local instability feature, they exhibit almost
identical behaviour throughout the entire operating range. The absolute value
of the feature is lower for SSA. The confidence interval for SSA feature is also
narrower, mostly in the globally unstable range. Both features work well for the
detection of globally unstable conditions and demonstrate an important change
in value and the slope for the deep surge conditions.

Figure demonstrates the averaged frequency spectrum for both of the
features in the whole operating range. For EMD, a high level of energy is
observed for frequencies below 100 Hz. With an increasing level of instability,
they grow in magnitude, which translates into an increased energy level observed
in Figure[6.4] The spectrum is visibly scattered for most of the operating range,

with local decreases in the amplitude observed in a wide range of frequencies.
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Figure 6.4: Features sensitive to globally unstable conditions obtained with
different decomposition methods a) EMD; b) SSA; the red horizontal line rep-
resents a threshold defined as 0(0.995) of data from compressor stable operation
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Figure 6.5: Contour of an averaged spectral content of ug feature obtained with
different decomposition methods a) EMD; b) SSA

For SSA, the spectrum is more consistent and less variations between TOAs
are present. At stable conditions, an increased energy level is present for the
lowest frequencies as well as three distinct ranges - around 60 Hz, 90 Hz and
110 Hz. In the locally unstable conditions, the amplitude of those frequencies

is increased. For transient operation, a further amplification is present and the
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bands of frequencies get wider. The onset of transient conditions also increases
the level of energy for the lowest frequencies. A visible change is present for
the TOA of around 15 %. For deep surge, the low frequencies get furtherly
amplified in the range below 30 Hz.

Both spectra are similar in their overall shape, however, the spectrum for
SSA is clearer, more coherent and less scattered. Both features capture the
range of frequencies to around 2000 Hz, below the blade passing frequency of
2300 Hz [9]. The extent of the spectrum increases with decreasing TOA value,
which is probably due to the higher overall power of the specific components
used to construct the features. The spectrum of EMD is more fragmented
and less continuity between subsequent TOAs is observed. It might imply the
leakage of some information into the IMFs not used for building the ug feature.

The average demonstrated in Figure [6.5|is based on 100 samples of an input
signal. To investigate how stable is the content of the components, the spectra
for each individual sample are plotted in Figures from to[6.91 The presented
data is for TOAs representing the peaks of instabilities, as defined in Chapter

B starting from deep surge, through transient, inlet recirculation and stable

operation.
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Figure 6.6: Contour of a spectral content of pg feature for 100 input signal
samples for TOA = 5% obtained with different decomposition methods a) EMD;
b) SSA



6.1. Comparison of instabilities-sensitive features 182

Pressure [kPa] Pressure [kPa]
107 10 102 107! 10 107 102 107!

o = o
Q. o
£ . £
© [49]
2] ,. [}
G — G
) = I
A £
- = :
z E =3 z
(F— J \ d
10’ 102 10° 10* 10" 102 10° 10*
Frequency [Hz] Frequency [Hz]
(a) (b)

Figure 6.7: Contour of a spectral content of ug feature for 100 input signal
samples for TOA = 10% obtained with different decomposition methods a)
EMD; b) SSA

For deep surge (Figure, the spectra for both components are very similar.
They demonstrate important fluctuations between subsequent samples, which is
reflected in the variability of the pg. Those fluctuations seem to be correlated
for both methods, suggesting that they are related to the fluctuations of the
pressure signal. In a number of input signals, the high amplitude part of the
spectrum extends above the frequency of 100 Hz. For some of the input signals,
the increased amplitude is observed for the frequency of around 90 Hz. It is
90% of the rotational speed, which may imply the temporal presence of some
structures related to rotating stall.

For the transient operation shown in Figure [6.7, the spectra are almost
identical for both methods. There is great similarity in both the magnitude and
location of the high-amplitude regions.

The spectrum for inlet recirculation (Figure shows greater discrepancy
between methods. In SSA, for certain input signals, the spectral content is very
different than for the majority of the inputs. For such events, high amplitudes
are observed for the frequency close to 10,000 Hz. The number of such obser-
vations is low, therefore they do not contribute much to the average and do not

cause an important variation in the ug feature value.
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Figure 6.8: Contour of a spectral content of pg feature for 100 input signal
samples for TOA = 20% obtained with different decomposition methods a)

EMD; b) SSA
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Figure 6.9: Contour of a spectral content of pg feature for 100 input signal
samples for TOA = 30% obtained with different decomposition methods a)

EMD; b) SSA

For the stable conditions (Figure , the spectrum of the EMD-based fea-
ture is similar to that for the inlet recirculation zone, with relatively small
changes in the overall frequency content and important variations in the ampli-
tude for subsequent signal samples. In the case of SSA, even more samples than
for the inlet recirculation zone demonstrate an entirely different spectral content

than the averaged value. Such changes in the spectral content of the features
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have a more important influence on the feature values, which is demonstrated
in Figure [6.10]

The changes in SSA-based pug feature spectral content may indicate that
RCs may be prone to changing their content when there is no dominating flow
phenomena, as in the case of the pressure signal at the inlet in stable conditions.
Figure demonstrates the value of g along with its spectral content for 100
input signals. The correlation between the change in the content and the drop in
energy can be observed. The locations where ug does not hold low frequencies
display lower levels of energy. It is reflected through the presence of sub-cluster
in the feature space for stable and inlet recirculation conditions (see Figure

5.23).
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Figure 6.10: Representation of changes in the components for stable operation
at TOA 30 % for 100 input subsequent signals; a) ug feature; b) spectral content

of pg

6.2 Threshold-based classification with y; and ¢

To investigate the performance of the feature space method based on EMD and

SSA, it is validated with dynamic data and quasi-dynamic data. The dynamic
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data are used to qualitatively investigate whether the mapping offered by quasi-
dynamic data is representative of dynamic conditions. This will demonstrate if
the pace of stability changes can have an influence on the model.

The limited number of dynamic data makes them unsuitable for quantitative
validation. Therefore, the second part of validation is made with quasi-dynamic
data. A large number of data points allows for obtaining meaningful measures

of accuracy and a more detailed comparison of the features based on EMD and

SSA.

6.2.1 Validation with dynamic data

For the detection system to operate well in various conditions, it should ren-
der identical results no matter the pace of transition between conditions. To
investigate the performance of the feature space-based detection of instabilities
for a quick transition, the dynamic data set was used. The dynamic data was
processed identically to the quasi-dynamic data.

Figure [6.11] shows the SSA-based features obtained using dynamic data
plotted onto the feature space along with the features obtained with quasi-
dynamic. The points for dynamic data very closely follow the distribution of
quasi-dynamic data features. The two clusters for stable conditions are present
which are located very similarly to the quasi-dynamic clusters. The data for
local instability follows closely the path established by quasi-dynamic features,
the same goes for globally unstable conditions. The thresholds established using
quasi-dynamic data prove to be valuable for dynamic data. With a quick transi-
tion, the locations of peaks of instabilities are accentuated with a higher density
of the points in those locations, including differentiation of transient and surge
conditions. It can be concluded that the approach based on the decomposition
of the signal with SSA should render repeatable results, no matter the pace of

changes in the system.



6.2. Threshold-based classification with puy and pg 186

al 000l Stable
10 I % ¥ g Locally unstable
%o Globally unstable
e Stable dynamic
00 .
o ° Locally unstable dynamic
e® * Globally unstable dynamic
O
o
O
ol %
el ?
© o7 o F o A
L B o )
[} 8 . W PR X
s B A A
3 ¢ o i B T
o © o el @ I8 N A ®
O
[ ]
O
O
@]
T#L ..
o
4 o
Q0. & )
102 % ¢
7\ | L L L L L L | L L L L L L |
107 10 10°

ba

Figure 6.11: Feature space representation of compressor data using p; and
i features obtained from SSA decomposition; scatter points with black edge
represent the dynamic data

Figure demonstrates the EMD-based features obtained using dynamic
data plotted onto the feature space along with the features obtained with quasi-
dynamic. The general shape of the distribution is kept and the dispersion of
the data is similar for both data collection protocols. The points for dynamic
data do follow the thresholds established with quasi-dynamic data. The peaks
of instabilities are also accentuated, with concentration for the peak of inlet
recirculation, transient and surge conditions, but it is not as clear as for SSA.
It can be noted that the points for dynamic data tend to be shifted to the
right in the feature space, compared to the quasi-dynamic ones. The points for
dynamic data do not fall over the range established by quasi-dynamic data, but
the centres of the two distributions are shifted. The presence of an offset may

indicate that the EMD-based features are affected by different dynamics of the
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changes in throttling. Should the offset be greater, the model established with
quasi-dynamic data would not be correct.

The dynamic data is used for qualitative validation. However, the number
of data points obtained with this protocol is scarce and validation of method
performance with such data may not be representative. Thus, the validation of
the feature space approach for EMD and SSA features is performed using a test

set of quasi-dynamic data.
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Figure 6.12: Feature space representation of compressor data using p; and
1e features obtained from EMD decomposition; scatter points with black edge
represent the dynamic data

6.2.2 Accuracy of classification

The accuracy for EMD and SSA is computed as a percentage of correct clas-
sification made to the total number of classified points. The threshold-based

approach for classification is used and only the general stability conditions are
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considered. To have a better insight into the misclassifications, a confusion ma-
trix is used to show the type of misclassifications. Such confusion matrices for
both methods are shown in Figure [6.13

The accuracy of stable conditions detection is high for both EMD and SSA,
reaching an identical 99.5% due to the way the threshold value is defined. The
observed misclassifications are for the stable conditions being classified as locally
unstable. The accuracy of globally unstable conditions detection is also similar,
reaching almost 99% for SSA, and over 93% for EMD. All misclassifications
are for the locally unstable class, meaning that a substantial number of points
collected from globally unstable region has a value below a threshold set based
on stable conditions. The biggest difference in accuracy is present for locally
unstable conditions, where the accuracy for SSA drops to below 80%. A high
number of points is classified in error as globally unstable. This is not observed
for EMD, where almost 99% of the points are classified correctly and only below

1% is classified as globally unstable conditions.

Stable Stable

Locally unstable 50 Locally unstable 50

Globally unstable Globally unstable

Figure 6.13: Confusion matrix between the conditions using features based on
different decomposition methods a) SSA and b) EMD

To better understand the reasons for misclassifications, the exact indications
for each TOA are investigated. Figures and show the percentage of
data assigned to each class for SSA and EMD respectively. In the stable zone
for both methods, all the misclassifications are coming from the same TOA at
the edge of the stable range. Their number is identical, hence the identical value

of misclassification percentage for both methods in Figure [6.13]
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The behaviour in locally unstable region differs. For SSA, the number of
misclassifications is stable and low at the beginning of the range and starts to
increase when approaching the edge of the zone. It grows gradually, starting
from TOA of around 21%. This gradual change in the number of misclassified
points may suggest that the signature of global instability is temporarily present
in the signal. The period of its presence increases with decreasing TOA value.
Hence, a higher number of points for a given TOA is defined to be globally
unstable while being in a locally unstable region. The presence of misclassifi-
cations of this type does not necessarily have to be considered an error, as the
true conditions experienced by the compressor may be globally unstable. For the
globally unstable region, the accuracy is very high and only misclassifications

are present at the very edge of the region.
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Figure 6.14: Classification of data for different TOAs based on feature space
obtained using SSA-based features scattered in Figure [6.11]

For EMD, the number of misclassifications for most of the locally unstable
range is very close to zero. The increase in misclassifications appears for the last
three TOAs close to the edge of the globally unstable region, but its number does
not exceed 5% for each of the TOAs. Similarly as for the SSA, certain TOAs

share the indication of locally and globally unstable conditions. The gradual
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increase in the number of points classified as globally unstable with decreasing
TOA is not as evident as in the case of SSA. It is more concentrated and shifted
to lower TOA values. This shift may arise due to a higher dispersion of the
stable conditions cluster, hence the shift in the thresholds 7},,. In the globally
unstable range, the number of misclassifications is high at the beginning of the
globally unstable range, coming from the development of the globally unstable

conditions. For the rest of the range, the method is perfectly accurate.
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Figure 6.15: Classification of data for different TOAs based on feature space
obtained using EMD-based features scattered in Figure W

Both EMD and SSA provide physically interpretable components that gen-
erally perform well in differentiating the general operating conditions of a com-
pressor. However, their accuracy drops in the zones where the transition from
one instability to another takes place. This is quantified in Figure [6.16] The
zone between locally unstable and globally unstable conditions is the location
where the accuracy drops to as low as 30% for selected TOAs. This transition
zone may be a challenge for the operation of a sensitive instabilities detection
system, as it might lead to an unnecessarily early reaction of an anti-surge sys-

tem. The transition in compressor operation from one condition to another is
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unavoidable, hence it might be suitable to abstain from classification in certain

zones of the feature space to avoid this region.
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Figure 6.16: Class detection based on the feature space representation and

thresholds for EMD and SSA

6.3 Practical consideration for an instabilities de-
tection system

6.3.1 Selection of the components

One of the most important aspects of building a model for instabilities detec-
tion is the selection of the components to be used as features. In this thesis,
the selection was backed by the analysis of the components behaviour in the
whole operating range. This might not be possible in most cases, when the
operation of the compressor in the unstable range is not feasible. The selection
of components might be case specific, as the machines and acquisition systems
may differ significantly. However, some general guidance can be provided based
on the case study presented in this thesis.

When using EMD for extraction of the features of instabilities, the global
instability feature can be defined as the one holding the subsynchronous fre-
quencies of the signal. To compute a sum, the first IMF to be used has to be

identified, but it can be done using data for stable conditions. The first IMF to
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be used in the summation could be defined as the one holding frequencies below
the blade passing frequency. The feature to be used should be a summation of
the energy of this IMF and all subsequent ones. In this case study, the inlet loca-
tion was the best for obtaining a precise indication, as only then the instability
can be considered a global one. The local instability, being inlet recirculation,
should be based on data from a sensor located close to the leading edge of an
impeller blade. Only there and shortly downstream it is possible to reliably
find the signature of this instability. However, the measurement from before
impeller is much clearer and also far easier in practical terms. The signature of
inlet recirculation is distributed between a number of IMFs, which demonstrate
a similar detection performance. However, the definition of a central frequency
of the expected IMF is not trivial and may depend on the geometry of the
impeller and its rotational speed [43].

When using SSA, the selection of the components is dependent on the win-
dow length used for the decomposition. Should a short window be used, as
recommended in this study, the first two components are of interest. The first
one is expected to hold a signature of global instability, while the second should
indicate local instability. The same selection of sensors location for each of the
instabilities is recommended as for EMD. The local instability feature should be
obtained from a sensor located before impeller and the global instability feature
from the inlet.

The selection of components could possibly be facilitated with the aid of
simulation techniques. It could be possible to use high-fidelity CFD simulations
[16] or tailored numerical models [73] to predict the spectrum of the signal.
The possibility of obtaining the signal for unstable operation without the need
for endangering the compressor should allow greater accuracy in defining the

components.
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6.3.2 Advantages and disadvantages of the methods

The instability-sensitive features obtained with EMD and SSA are very similar
in their physical nature. A difference can be observed in the dispersion of the
data. It is bigger for EMD features, possibly due to the effects of mode mixing
that are not fully eradicated even if a sum of IMFs is used. The lower dispersion
translates into more concentrated clusters of conditions than those for EMD,
when using the same input signal length. The pace of the decomposition is
similar for both methods, with each of them looking promising in the context
of online detection.

EMD shows higher overall accuracy when using a threshold-based approach.
Fewer misclassifications are made in the local instability zone, compared to
SSA. However, SSA produces fewer errors in the globally unstable range. The
latter may be important, as the consequences of misclassifying a point that
should belong to globally unstable conditions may be high. Misclassifying locally
unstable conditions for global ones will on the other hand decrease the operating
range of the machine, as the potential anti-surge system would act earlier.

To provide a conclusive statement, the conditions labelling of the data should
be reviewed. Assignment of a single class to every TOA seems not right since
the temporal changes in stability are possible withing the same TOA, especially
in the zone where locally unstable conditions transition into globally unstable
ones.

Assessing qualitatively the distribution of the points in the feature space, the
stable cluster for EMD is more dispersed than that for SSA. Several data points
are shifted to the right, influencing the placement of the threshold 7),,. It may
indicate that EMD is more prone to producing outliers that would influence the
outcome of the detection.

The validation for dynamic data shows that SSA-based components are more

consistent with quasi-dynamic data than EMD-based components. With a small
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sample of dynamic data used in this study, the detection accuracy is comparable
between two methods. However, the offset may change for other machines, ren-
dering the EMD-based approach unfit for exact detection of instabilities when a
quick change in stability takes place. Both methods demonstrate a very similar
performance on the investigated data set, therefore they both can be successful
used for instabilities detection in centrifugal compressors. However, if an overall
better method should be indicated, the SSA-based components provide a more
precise indication of the stability of a compressor. The disadvantage of EMD is
the mode mixing, that artificially increases the dispersion of the already noisy
data from the compressor.

The timing of the methods is shown in Figure [6.17 Using the parameters
proposed in this thesis, both EMD and SSA provide the decomposition time
below the online processing limit. It can be translated to a system producing
a continuous, online indication of conditions. The final approaches for EMD
and SSA, using 15 IMFs and two RCs with L = 50, provide almost identical
timing. It is highly probable that the time of decomposition could be furtherly

decreased with different combinations of hardware and software.
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Figure 6.17: Timing of the methods for different input length, decomposition
parameters and number of components; dashed black line is an online processing
limit above which the method no longer can provide real-time indication
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6.3.3 Extension to accommodate other instabilities

The methodology presented in this study focuses on extraction of local instabil-
ity, being inlet recirculation and global instability, incorporating transient and
deep surge conditions. Despite some resemblance of transient operation to ro-
tating stall, the stall in its most common form [7] was not observed in the data.
This brings a question about the extension of the approaches based on EMD and
SSA to other machines, experiencing rotating stall. Some hypotheses regarding
that situation can be made, based on the mechanisms of the decomposition and
observations made for the transient operation. Should a signature of stall be
consistent, it would be captured by some components of each decomposition.

Rotating stall is often manifested by frequencies between 40 to 100 % of the
rotational speed of the machine, which are often lower than the frequency of
inlet recirculation, but higher than surge frequency. Consequently, using EMD
decomposition, rotating stall should be captured by the IMFs higher than those
for inlet recirculation, but lower than that for surge. It should occupy the same
frequency range as transient components demonstrated in this study. Thus,
it might bring identical problems related to mode mixing and a value above
threshold for the conditions past rotating stall.

When using SSA, the extraction of rotating stall component would be pos-
sible, provided that the window length is large enough. For a short window,
the signature of stall would probably be captured in RC 1 along with other
low-frequency pressure oscillations. The extraction of rotating stall based on
a specific threshold might be challenging, as it is expected that stall-related
frequencies will be close to deep surge frequency [7].

Nevertheless, the decomposition methods could still be useful for captur-
ing rotating stall. The methodology proposed in this study could also easily

incorporate additional stall feature to be used in the detection system.
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6.3.4 Limiting the number of sensors for detection

In the presented study, the data from two sensors is used for defining a feature
space used for classification. With the intention to limit the cost of the condition
monitoring system, the question of using a single sensor for monitoring may be
raised. The selection of the sensor location is dictated by the local instability,
clearly detectable only using the sensor ps_;mp1 before impeller. Consequently,
to offer the detection using a single sensor, it should be evaluated if the global
instability can be clearly captured by the ps_;m,1 sensor.

Using the data from before impeller, it is possible to define features that
hold the signature of both global and local instability. Unlike when using two
sensors, it is not possible to obtain features that fully isolate the signature of
local and global instability, as the increase of RMS takes place for both features
in locally unstable conditions (see Figure and . It renders the threshold-
based approach inadequate. However, using the data for all operating condition
for training of the model, the detection system using only the data from the
sensor located before impeller should perform similarly to those obtained for
inlet sensor. Figure demonstrates the feature space representation for both
EMD and SSA using only the data from the sensor ps_;m,1 before impeller. The
1, feature is the same as previously, while i feature is based on RC 1 for SSA

and sum of IMFs & to 15 for EMD.
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Figure 6.18: Feature space representation using only components obtained from
SeNsor Ps_imp1 before impeller a) SSA-based features b) EMD-based features
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6.3.5 Challenges and space for improvements

Both methods investigated in this thesis demonstrate high accuracy in detection
of general stability conditions based on thresholds derived from stable operating
conditions. Using this approach, a few misclassifications can be observed in the
TOAs between the locally unstable and the globally unstable range. The mis-
classifications seem to be related to the temporal presence of globally unstable
traces in the locally unstable zone. In such context, the correct classification of
conditions in that region may be challenging. Hence, the systematic approach
allowing not to assign the class to points appearing in some locations in the
feature space could be of help.

To increase the possible operating range of the compressor and allow for
greater flexibility in setting the anti-surge system activation conditions, the
differentiation of globally unstable conditions can be investigated. It is possible
to differentiate the conditions based on the location of the points in the feature
space, however the thresholds derived based on stable conditions are no longer
useful. To allow for such differentiation, the data for unstable conditions has to
be collected to initially map the feature space. This is associated with the risk of
damaging the compressor. Consequently, the time of operation in unstable zone
should be short, leading to generation of a limited number of points. Hence, the
mapping of the feature space should be enabled with a low number of points from
unstable conditions. Both of those aspects can be addressed with a probabilistic

classification approach, which is demonstrated in Chapter [7]
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This chapter demonstrates a probabilistic classification approach implemented
to improve the accuracy of instabilities detection and address the misclassifica-
tions present for the threshold-based approach in the regions of transition be-
tween instabilities. Gaussian process classification (GPC) is used, as it produces
a probabilistic output and enables flexible, data-driven shaping of the bound-
aries between classes. Four aspects are considered in this chapter. Firstly, it is
demonstrated that the GPC model can be trained to accurately classify different
unstable conditions in the feature space. Secondly, the concept of the rejection
zone is explored, which defines the regions where the model should abstain from
classification. It is shown that with a proper selection of the model parameters,
the rejection zone based on the difference in the predicted probability of the
two most probable classes can improve the accuracy of the classification model.
Different scenarios are investigated with respect to the availability of training
data. With the threat to compressor operation presented by the instabilities,
the availability of training data for unstable conditions may be limited. The
impact of limitations is demonstrated and discussed, showing that GPC is ca-
pable of providing accurate predictions using scarce training data. Lastly, it is
demonstrated that with GPC, it is possible to use only data from a single sensor
to provide a high accuracy classification, which could decrease the requirements

for the potential instabilities detection system using the proposed methodology.

199
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7.1 Gaussian process classification

Gaussian process classification (GPC) is a non-parametric Bayesian algorithm
that models the probability of each class directly as a function of the input
features [168]. It does not make any underlying assumptions about the functions
used to model the dependencies. GPC is based on a Gaussian process regression
(GPR) [203]. Given a classification task, a regression is solved first with an
input feature vector and target class labels, often expressed as integer values.
The regression solution is subsequently recomputed into classification, using for
example logistic function [203]. Since the mathematical formulation of GPC is
based on regression, a GPR process must be introduced.

GPR aims to find a function f that best relates the input variable x to
the output variable ¢. In most cases, the measurements of both input and
output variables have a certain level of uncertainty or noise present in the data,
represented by € [203]. A general regression problem is shown in Equation ([7.1]).
When building a regression task for classification as in this case, the noise term

can be omitted, as the labels are assumed to be correctly assigned.

t=f(z)+e (7.1)

Observing the compressor system and processing the input through the de-
composition methods, a data set D = (F, ¢) can be obtained, where F' collates
all the features while ¢ represents the class labels for each feature vector. The
relation between input features and output class labels is modelled as a Gaus-
sian process (Equation . A Gaussian process can be fully described by a
mean function m(u), and a covariance function k(u, p'), which can be defined
as in Equations and respectively, where F[-] stands for an expected

value.

fu) ~ GP(m(p), k(p, 1)) (7.2)
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m(p) = E[f(u)] (7.3)

R, 1) = E[(f () = m(p)(f (1) = m(i))] (7.4)

A Gaussian process uses the distribution over functions, assigning the prob-
ability of a given function fitting the data. Having a new feature vector u. for
the conditions to be classified, the aim is to find the output function values t,.
Taking advantage of the Gaussian formulation, a joint distribution of the known

functions values t and the unknown value ¢, can be assumed (Equation ([7.5))).

NGt "

It is a common approach in practical applications to assume a zero mean
for the process, as it gets updated with the data [203]. The covariance matrix
in Equation is composed of four terms representing the relations between
the training data Fy and the vector of new data points p.. K¢ = k(F, F) is the
covariance between the training points, K, = k(F, p,) represents the covariance
of the training points and the new data points and K. = k() represents
the covariance for the new data vector.

The covariance can be computed directly, as in Equation ([7.4)) or approxi-
mated with a kernel function. The kernel function defines the covariance based
solely on two inputs of a feature vector, marked p and /. It importantly limits
the computational effort compared to computing the covariance matrix for the
data [168]. The choice of kernel function type for a task is a challenge and
can have an important influence on the outcomes of the model. It has been a
subject of extensive research [204], but remains largely task-specific.

Several basic kernels are used in practical applications [204]. Selected kernels
relevant to the application in the problem of classification for the detection

of instabilities are given in Table [7.I] It is possible to combine kernels with
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Table 7.1: Selected kernels and their hyperparameters

Kernel name Expression Hyperparameters
Dot product (DP) k(p, 1) = 02 + (up') o0

Dot product squared (DP?)  k(u, ') = (o8 + (pu'))? o

Radial basis function (RBF) k(u, ') = o2 exp <—% oo, |

Rational quadratic (RQ) k(p, 1) = (1 + %) - a, |

each other through addition or multiplication [204], which produces a virtually
infinite number of possible kernel functions.

Each of the basic kernels has its parameters, which are called hyperparame-
ters. The hyperparameters of the kernel are optimised when the model is trained
to optimally fit the training data. For DP kernel, the single hyperparameter is
09, which determines the offset in the linear model. The same hyperparameter
o9 is present for the polynomial kernel. The p in the formula for polynomial
kernel is not considered a hyperparameter, but it is set a priori as a positive
integer. Setting p = 2, such a kernel becomes a dot product squared kernel
(DP?). For the RBF kernel, there are two hyperparameters. The variance o
defines the average distance of the function from its mean, while the length scale
[ influences the scale of function variability [204]. The RQ kernel is equivalent
to adding several RBF kernels together. It has three hyperparameters, ¢ and
[ have the same interpretation as for RBF' while o defines the relative weight
of the large-scale and small-scale variations [204]. The hyperparameters of a
kernel are grouped together in a vector @ for optimisation. A comprehensive
study of kernels in Gaussian processes can be found in [205].

Having defined the prior and using the data, it is possible to infer about
the posterior. The posterior is given by Equation (7.6). It is normally dis-

tributed with mean m(t,) and covariance cov(t,), which can be computed as

per Equations ([7.7)) and (7.8 respectively.
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p(t|Fs, F t) = N(m(ts), cou(ty)) (7.6)
m(t,) = KK 't (7.7)
cov(t,) = K., — KTK; 'K, (7.8)

The covariance does not depend on the output values ¢ but only on the
covariance matrices, defined through the kernel function. Due to this, the pre-
diction of the model strongly depends on the type of kernel chosen and its
hyperparameters 6. To fit the model to the data, the hyperparameters are
optimised. The goal is to maximise the log marginal likelihood L,;, given by
Equation , with |Ky| being a determinant of K. The two first terms of log
marginal likelihood are model fit to the data and model complexity respectively

[206], therefore the optimisation aims to find the trade-off between those two.

1 1 N
Lu(6) = 1og(p(tlX)) = —5loglKy| — St"K "6~ Tlog(2m)  (7.9)

The GPR outcome is a function modelling the relation of the input g and
the output t. The value of t should provide the best fit for the training data
however, it is not bounded and therefore it cannot be used directly for inferring
the probability. To translate the regression problem into binary classification,
the regression outcome t is transformed through an additional function. A
commonly used function is a logistic function as in Equation , that allows
mapping of the theoretical regression range (—o0, c0) into a classification range

[0,1] [203].

1
1+ exp(—t)

o(t)

The aim of classification is to assign a correct class based on a vector of new

(7.10)

observations p,. Using a probabilistic classification approach, the assigned class
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is the one with the highest probability. For binary classification, it is enough to
compute the probability for a single class p(c, = 1|, F', t), as the other class
probability p(c, = O|p«, F', t) can be deduced as 1—p(c, = 1|p, F', t). To obtain
the predictive distribution for a class ¢ = 1, the integral from Equation (7.11]) is
evaluated. It is not analytically traceable, therefore it has to be approximated,

for example using the Laplace method [203].

plee = e P ) = / o (6)p(t e, F ). (7.11)

Binary classification can be translated into a multiclass one using a one-vs-
all approach, where a binary classifier is trained independently for each label
and the results are combined to provide final probability estimates [206]. The
final class is assigned based on the highest probability predicted by the model
that combines all the binary classifiers [207].

The GPC algorithm applied in this study is a Python implementation in-
cluded in the scikit-learn library [207], based on the formulation proposed by
Rasmussen [203]. The hyperparameters of the kernel function are optimised
using a gradient-based L-BFGS-B optimiser [207]. The algorithm performs a
number of one-vs-all classifications and the final model outcome is obtained by
combining all trained models [168)].

Using the probabilistic output of GPC, it is possible to use relations between
class probability and define regions where no classification is made [203]. Such
a region can be called a rejection zone or a no-classification zone. Assuming
that a new feature vector p, is obtained from the process, it is entered into the
model and the probability for each of the classes is predicted. If the two most
probable classes are ¢; and c¢; respectively, a rejection zone can be defined based
on the difference in probability between the classes [182]. If such a difference is
lower than a certain threshold (Equation (7.12)), p. is not classified [178] and

no decision on the stability of the compressor is made based on such an input.
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p(Ci) - p(cj) = Pthreshold < treject (712)

An example of GPC for one-dimensional data using different kernels is pre-
sented in Figure [7.1] The blue line demonstrates the probability for one of the

classes, obtained through the translation of the regression result.
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Figure 7.1: Classification of one-dimensional data with GPC using different
kernels a) DP, kernel; b) RBF kernel ¢) DP? kernel d) RQ kernel

For the DP kernel (Figure , the transition between classes is gradual
and the threshold is crossed at the right location. When moving away from the
interface between classes, the probability of the class asymptotically reaches
the value of 1. The same can be observed for the DP? kernel (Figure .
The difference is that the change in probability level at the interface is more

abrupt and the probability quicker reaches the value of 1. For the RBF kernel
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(Figure , there is an important change in the probability level at the inter-
face between classes, while the probability decreases at some distance from the
interface, where it approaches the decision threshold. The RQ kernel (Figure
demonstrated a behaviour similar to DP at the interface between classes
and to RBF further away from the interface. For RBF and R() kernels, the
probability of a class is the highest close to the interface and decreases away
from it.

In a number of practical engineering applications, the RBF kernel is often
used due to its flexibility in shaping class boundaries [I79] 208]. The attempt to
use this kernel for the problem of instabilities detection and classification was
investigated by the author of this thesis in a separate study [209]. It was shown
that the GPC based on the RBF' kernel can provide accurate classification of
the conditions. However, the probability level predicted by the model cannot
be interpreted as the probability of instability. Due to the characteristics of
the RBF kernel, the probability was decreasing for a high value of the feature
space coordinates, where it should increase due to the higher certainty of the
instability. Hence, it invalidated the concept of the rejection zone.

To take advantage of the interpretable feature space proposed in this study,
the probability distribution should be interpretable in terms of instability prob-
ability. The higher the value of the feature, the more important the intensity
of the instability, which should be reflected in the probability level. The DP
kernel and the DP? kernel show the expected behaviour when a simple two-
class problem is investigated (Figures|7.1{a) and c)). However, the DP kernel
does not provide sufficient flexibility in modelling more complicated data, as
demonstrated in Figure[7.2a] The dot product kernel does not fit the data well
as it cannot adapt due to its structure. This flexibility can be provided by the
kernel. Using the DP? kernel, the correct classification of the data is possible

(Figure [7.2b]) therefore, the D P? kernel is selected for further modelling.
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Figure 7.2: Comparison of probability prediction with GPC model for different
kernels a) DP kernel; b) DP? kernel

7.2 Probabilistic classification for compressor in-
stabilities detection

The GPC model was trained with data from SSA decomposition of the pressure
signal. Data from sensor ps_;m, before impeller was used to construct the
local instability feature p;, and data from ps_;, sensor at the inlet were used to
obtain the global instability feature ug, as defined in Chapter |5, The training
set consisted of 20 points per each TOA and four classes were defined in the
data, following the labels provided by the authors of the experimental study [9).
The features from SSA decomposition were selected as they demonstrated less
dispersion in the feature space and the data obtained with the quasi-dynamic
protocol was a better representation of the dynamic data than in the case of
EMD (Chapter [6). The features obtained with EMD were not analysed as
they had a similar distribution in the feature space, therefore similar results of

applying GPC were expected.
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Figure 7.3: GPC results for the training data comprised of four classes of condi-
tions. The colourmaps represent the probability for each of the classes. White
solid lines show the boundaries between classes; Black lines represent probability
contours for probability levels p € {0.4,0.5,0.6}; scattered points are training
data points for different classes defined in the legend

Figure [7.3] shows the results obtained with GPC trained on quasi-dynamic
data, scattered in the figure. The output of a GPC is the probability of each of
the classes for all locations within the feature space. The probability level is rep-
resented with a separate colourmap for each of the conditions. The colourmaps
are superimposed in the figure. The intensity of the colour and opacity increases
with increasing probability level. To facilitate the interpretation of the proba-
bility distribution, the contours of probability for values p € {0.4,0.5,0.6} are
drawn for each class. The probability for each of the classes is used to define
class boundaries, which are plotted with white solid lines.

The class boundaries from the model fit the data well and provide a good
distinction between different conditions. Stable, inlet recirculation and deep

surge classes are shaped as expected. The transient class seems overly elongated
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in shape with respect to the concentrated training data, stretching upwards to
high values of p7. It is influenced by the DP? characteristics and the training
data locations in the feature space which does not bound the transient class
for higher values of p. The contours of probability are located very close one
to another for the majority of the feature space. The bigger distance between
them can be observed at the boundary between stable and surge conditions,
where the training points are not as closely located as for other class interfaces,

which translates into a more gradual change in classes probability.
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Figure 7.4: Changes in probability predicted by the model for the training points
presented in Figure [7.3} vertical lines signify the boundaries of classes while
colours demonstrate the regions defined as stable (green), inlet recirculation
(yellow), transient (red) and deep surge (grey); the class probability is given for
classes: ¢y - stable, ¢o - inlet recirculation, c3 - transient and ¢4 - deep surge

To investigate the changes in the probability of each class predicted by the
model, its estimates are obtained for the 740 training points representing dif-

ferent classes of conditions. The probabilities for these points predicted by the
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model are demonstrated in Figure[7.4] The points in the plot are ordered by the
decreasing TOA value, hence the higher the sample number in the figure, the
more unstable the conditions. Therefore, moving towards the right on the plot,
the more unstable conditions are expected. The background shading demon-
strate the labelled classes of the training data.

In the stable region, the probability of stable class is close to 0.8 except for
the region close to transition, where it decreases locally to approximately 0.6.
For neither of the points investigated, it reaches the value of 1. In a stable region,
the probability of transient conditions is relatively constant at a value of 0.2. At
the boundary, a number of observations demonstrate the highest probability of
transient conditions, despite being sourced from the inlet recirculation class. It
is caused by the elongated shape of the transient class predicted by the model
and it reaching the points for the early stages of inlet recirculation (Figure .
Increasing the sample number, the probability of the inlet recirculation class
increases. It is the highest in the centre of the class, reaching a value above
0.9 and decreases when approaching the transient conditions. In the transient
region, the transient class probability is high on average, but it is highly volatile
for the region of transition between transient and deep surge conditions. With
continuous changes in model probability, this is caused by the dispersion of the
training data points in the feature space. From the middle of the transient
region, the probability of deep surge starts to increase. It surpasses that of
the transient class at the beginning of deep surge region. In the deep surge
region, the highest probability is presented by the deep surge class, however,
in the early stages of deep surge, the probability of the transient class shows a
considerable value of 0.4. The probability of deep surge in the deep surge region
does not exceed 0.8. The probability level does not decrease with an increasing
sample number. This is a desired feature of the model, as the probability should
not decrease for the points with high pg coordinate, which was the case when

using an RBF kernel [209]. However, the probability does not seem to increase,
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while such a trend can be observed for the stable class probability. Therefore, it
might be expected that, despite the form of the kernel function, the probability
computed by the model, especially in the regions where the training data is

missing, does not behave in an interpretable manner.

7.3 Rejection zones

When closely inspecting the data, it can be noted that in some locations of
the feature space, the points of different classes overlap. This is the case at
the transition between different conditions, mostly between inlet recirculation
and transient as well as transient and deep surge. Those regions are bound to
result in misclassifications, regardless of the location of the boundaries between
the classes. The problem of misclassification in the transition zones could be
addressed by considering the probability values for each class and their relations.

Using the probabilistic output of GPC, it is possible to define regions where
no classification is made [203]. Such regions can be called rejection zone [I78] or
no-classification zone. Two types of rejections can be considered. One related
to the novelty of the data and it being outside of the modelled region and the
other related to the ambiguity due to data overlap [I82]. In this study, the
ambiguity rejection is targeted. The rejection zone investigated in this study
is based on a condition defined in Equation (7.12). The regions where such a
condition is met can be interpreted as uncertain from the point of view of the
model. Abstaining from classification there could improve overall accuracy and
help to avoid errors [210]. To rely on rejection zones in classification, it has
to be ensured that the probability contours reflect the data distribution in the
feature space.

In the context of the compressor monitoring, if the point is in the no-
classification zone, it is not used to infer about the stability and a new point is
awaited. Since the points are arriving in a continuous manner, rejecting certain

entries does not require any important alterations to the detection procedure.
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However, it can decrease the responsiveness of the system as more data have
to be collected before making a decision. Nevertheless, properly constructed
rejection zones would result in rejecting points located at the class interfaces,
therefore having a specific location in the feature space and not having an ex-
treme impact on the compressor. The advantage of the rejection zone should
be lowering the number of misclassifications in the regions of transition between
conditions.

Figure[7.5|shows the extent of rejection zones for different levels of the thresh-
old tyeject € {0.1,0.2,0.3,0.4}. They are implemented on the model described
in Section [7.2] The extent of the rejection zone and the boundaries between the

classes are demonstrated in each case.

Figure 7.5: Demonstration of the rejection zones placement for a GPC model
trained with 20 points for each TOA and different rejection threshold level ¢,¢jeq,
as defined by Equation a) 0.1; b) 0.2; ¢) 0.3; d) 0.4; grey regions on the
plot demonstrate the rejection zones, while white lines show the boundaries
between classes
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For the lowest value of threshold probability ¢,cject = 0.1, the rejection zone
is present mainly in the proximity of the class boundaries as narrow regions
along the boundaries, except for the interface between stable and deep surge
conditions, where it forms a larger wedge. Increasing the level of ¢, threshold,
the width of the region increases. The area of the rejection zone between stable
and deep surge also increases, growing towards the high value of g, where the
probability of the stable class is considered high (high intensity of the green hue
in Figure . Using the highest rejection threshold value importantly increases
the extent of the rejection region at the bottom of the feature space, bringing the
risk of rejecting some of the points for deep surge if they demonstrate a larger
dispersion in puj feature value. At the same time, the increase in probability
threshold does not result in an important growth of the rejection zone between
other classes. Hence, the rejection zone based on threshold t,cject = 0.3 is
selected for further analysis.

Figure demonstrates the relation between the rejection zone and the
training points. It can be seen that several points at the interface between
classes fall into the rejection zone. The majority of such points are located
between transient and deep surge conditions, as in that region the rejection zone
is the largest. A much smaller number of points would be rejected between inlet
recirculation and transient conditions and between stable and inlet recirculation.
In each of the regions, the rejection zone is not large enough to cover the whole
ambiguous region, where the points from different classes overlap. A further
increase in threshold level did not significantly increase the width of the rejection
zone between classes, hence it is not expected that for the trained GPC model it
would be possible to define a rejection zone fully covering the ambiguity region
without impacting the classification in other regions of the feature space.

The concept of the rejection zone is worth investigating as it has the potential
to increase the accuracy of the classification. With the selected kernel type,

only the ambiguity rejection is considered. Performing both ambiguity and
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novelty rejection with a Gaussian process model may bring risks. GPC does
not provide direct tools to differentiate the type of rejection and the shaping of
the posterior probability is driven by both kernel selection and the training data.
It may lead to posterior distribution that does not have a physical significance
for the investigated system. The model incorporating a rejection zone should
be thoroughly validated to avoid the issues of rejecting points in well-defined

areas of the feature space [209].
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Figure 7.6: GPC model trained with 20 data points for each TOA; the
colourmaps represent the probability for each of the classes; the scattered points
represent the test data for all conditions; white lines demonstrate boundaries
between classes; dark shaded regions demonstrate the rejection zone for a rejec-
tion threshold threshold ¢,¢ject — 0.3

7.4 Classification with limited training data avail-
ability

Operating the compressor in an unstable regime may bring serious risks to its

integrity and operability. Some machines may not be capable of entering the
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unstable region or can do so for short periods [I8]. Hence, the added value of
applying a classification model may come from providing accurate predictions
using limited training data.

Two scenarios for limited data availability are investigated. The first is
based on limiting the number of data points available for each condition. Such
data could be obtained by running the compressor through the whole operating
range in a short time. The limitation in compressor exposure time to unsta-
ble conditions may come from the mechanical parameters of the system [44].
Such limitations were demonstrated and discussed by Horodko [I8], where the
investigated industrial compressor operation in the unstable range was limited
to two cycles of deep surge due to the risk of bearing system damage. It leads
to a limited amount of data for the unstable operating range.

The other scenario may be related to using solely specific operating points,
representing different conditions of a compressor. For a number of throttle
positions, the instabilities can coexist and it may be difficult to clearly define
the type of the instability present. Using the specific peaks of instabilities can
help to capture a clear signature of instability. What is more, the data for the
peaks of instabilities could possibly be obtained with numerical simulations of
the compressor system. Facing the limitations of experimental procedures, it
might be possible to obtain data for unstable regime using high-fidelity com-
putational fluid dynamics (CFD) simulations [16]. It is not straightforward to
ensure the full representativeness of the physical system with a model [211],
especially in the context of data-driven decomposition techniques, where the
signal composition at different time scales affects the decomposition outcomes
[90]. Nevertheless, with the increasing fidelity of simulations and gains in com-
putational power, it could be possible to complement the experimental data for
experimentally safe regions with the model data for unsafe regions. CFD re-
sults are often obtained for specific operating points |16, 211] and changing the

operating point requires a full rerun of the simulation. Therefore, the numerical
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studies are often restricted to a few points, each representing different operating
conditions. To investigate the scenario of using data for well-defined operating
conditions, only the peaks of instabilities, as defined in Section of Chapter
[3}, are used in the training of a GPC model.

7.4.1 Limited training data representing all conditions

To investigate the first scenario, the GPC model is trained using two points for
cach TOA value. Figure [7.7] demonstrates a probability distribution obtained

with the model along with scattered training points.
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Figure 7.7: GPC results for the training data comprised of four classes of condi-
tions. The colourmaps represent the probability for each of the classes. White
solid lines show the boundaries between classes; Black lines represent probability
contours for probability levels p € {0.4,0.5,0.6}; scattered points are training
data points

The overall predicted shape of the classes is very similar to that obtained
using a larger number of data points in training (Figure . The shape of

the decision boundaries is similar in the proximity of the transitions between
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conditions but differs away from the training points. With a lower number of
training data, the probability contours are located further from one another.
This can be understood as a lower certainty of the model at the interfaces
between classes. It should lead to an increase in the size of the rejection zone if

the same rejection threshold value ¢,¢jcx is selected.
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Figure 7.8: GPC model trained with data limited to two points per TOA; the
colourmaps represent the probability for each of the classes; the scattered points
represent the test data for all conditions; white lines demonstrate boundaries
between classes; dark shaded regions demonstrate the rejection zone for a rejec-
tion threshold ¢,¢ject = 0.3

The classification of all data using the model built with limited training data
is relatively accurate (Figure . The model shows some misclassifications
for the very beginning of the inlet recirculation class and the transition zone
between conditions. The transient class is smaller and less elongated, providing
a tighter fit of the decision boundary around the training points. The rejection
zone is much larger than for the base model, covering a substantial area of the

transient class. It leads to the rejection of a higher number of points at the
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boundaries between inlet recirculation and transient, as well as transient and
deep surge. Furthermore, several inlet recirculation points land in the rejection

zone, especially in the early stages of that instability.

7.4.2 Limited training data representing peaks of insta-
bilities
Figure [7.9) demonstrates the outcomes of the model trained using only peaks of

instabilities, as defined in Section [3.3.2 Each of the peaks is made up of 50

training points, which are scattered in the figure.
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Figure 7.9: GPC results for the training data comprised of four classes of condi-
tions. The colourmaps represent the probability for each of the classes. White
solid lines show the boundaries between classes; Black lines represent probability
contours for probability levels p € {0.4,0.5,0.6}; scattered points are training
data points for different classes defined in the legend

The predicted shape of the classes is different from that obtained for the
base case (Figure [7.3). The stable class is similar in shape and area however,

the highest probability contour (p = 0.6) is not present for this class. It is also
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not obtained for transient and deep surge classes. The inlet recirculation class
is much larger and its boundary with deep surge class is shifted to the right.
Using only peaks of instabilities, the transient class has a different shape. It
is overall more compact but extends to the very limit of the feature space on
the left. The surge class is located similarly as for the base case, but the high
probability region is present for higher values of pug.

Taking into account the classification of the data for all operating conditions
with this model (Figure [7.10), it would render inaccurate classification in the
early stages of inlet recirculation. The points there would be considered to
belong to the transient class. Additionally, a number of points labelled as deep
surge class would be classified as transient conditions due to the shift in the

location of the boundary.
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Figure 7.10: GPC model trained with data limited to peaks of instabilities; the
colourmaps represent the probability for each of the classes; the scattered points
represent the test data for all conditions; white lines demonstrate boundaries
between classes; dark shaded regions demonstrate the rejection zone for a rejec-
tion threshold t,¢ject = 0.3
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The rejection zone obtained for this model is significantly larger than for
other models. It covers almost the entire investigated feature space, rejecting all
of the stable points and almost all deep surge points. It indicates low differences
between the probability for different classes predicted by the model. It can be
explained by the fact that the probability of each class, even in the centres
of training data, is low. Having only peaks of instabilities as training data,
the GPC with selected kernel and defined threshold level for the rejection zone
would not provide an accurate classification.

Overall, the GPC provides the possibility of building an effective classifi-
cation model with a limited number of training data. It might be considered
an important advantage in the field of compressors where the available data
can be limited. For the model to be representative of the observed system, the
data representing the whole transition path should be included in the training
to obtain a meaningful and accurate model. When having only data for peaks
of instabilities, it could be attempted to generate synthetic data along the ex-
pected path in the feature space, or a different classification method could be

employed.

7.5 Classification with single sensor data

In Chapter [0] it was shown that the change in the operating conditions in the
investigated compressor, similar to that observed with two sensors, could be
demonstrated using only the sensor ps_;mn,1 before impeller. In that case, it was
not possible to provide a vertical threshold for the detection of conditions as
the signature of different instabilities was not fully decoupled with either of the
investigated decomposition methods (see Figure .

Figure demonstrates the GPC-based classification of compressor operat-
ing conditions using features based on RC 1 and RC 2 from SSA decomposition

of the data obtained from p,_;;,;,1 before impeller.
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Figure 7.11: GPC results for the model trained on data from the sensor before
impeller. White solid lines show the boundaries between classes; Black lines
represent probability contours for probability levels p € {0.4,0.5,0.6}; scattered
points are training data points for different classes defined in the legend

In this case, the points for stable and inlet recirculation are located diago-
nally, and not on a straight vertical line as in the case of the feature space based
on features from two sensors. It implies that the two features obtained from the
sensor before impeller are correlated in that region and the global instability
feature also experiences an increase in the initial stage of inlet recirculation.
However, the points representing different classes occupy distinct locations in
the feature space and can be used for classification.

The GPC model using DP? kernel function and features based on a signal
from a single sensor was capable of providing good differentiation of operating
conditions. The clusters for stable, inlet recirculation, and deep surge have
similar shapes to those obtained with two sensors (see Figure. The transient

class is narrower and shorter. The boundary between inlet recirculation and
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transient conditions is more inclined. The contours of probability are located

closely, as in the case of the model using data from two sensors.

deep surge
transient

inlet recirculation
stable

Figure 7.12: GPC model trained with data from a single sensor before impeller;
the colourmaps represent the probability for each of the classes; the scattered
points represent the test data for all conditions; white lines demonstrate bound-
aries between classes; dark shaded regions demonstrate the rejection zone for a
rejection threshold ¢,¢jet = 0.3

The location of the rejection zone is shown in Figure [7.12] Due to a quick
transition of the probability predictions at class interfaces, the rejection zone is
narrow close to the boundaries and incorporates only a small number of points
from inlet recirculation, transient, and deep surge conditions. Using a single
sensor, there is only a small difference in the placement of the points for stable
and deep surge conditions, resulting in a very similar shape and size of the rejec-
tion zone near the boundary separating those conditions. By investigating the
placement of the boundaries with respect to the scattered training points, there
are no obvious misclassifications and possible loss of accuracy may be related to

misclassification of the points close to the boundaries between conditions. Con-
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sequently, it could be possible to obtain a meaningful and accurate indication
of instabilities using features built on data from a single sensor located before

impeller coupled with a classification algorithm such as GPC.

7.6 Accuracy of classification

The performance of GPC trained with different input data is compared using
the confusion matrix. Such a matrix provides the classification accuracy for
each of the classes, as well as the type of error made by the model, that is,
where the misclassified points were assigned [212]. It allows understanding of
the type of error made, as confusing adjacent classes would be less severe than
misclassifying deep surge conditions as stable or vice versa. The confusion
matrix is computed using 100 randomly selected validation data points for each

TOA, with a total of 3700. The selected models are considered:

e the model trained with the data for each TOA (Model 1),
e the model trained with limited data for each TOA (Model 2)

e the model trained with the data from a single sensor obtained for each

TOA (Model 3)

For each of those models, a rejection zone is introduced, with a rejection
threshold t,¢ject = 0.3. The models incorporating a rejection zone are labelled
with R at the end of the name, making Model 1 with rejection to be Model 1R.
It is assumed that the points landing in the rejection zone are not considered
in the analysis and no matter if classified correctly or not, they have no impact
on the accuracy.

Figure[7.13|shows the confusion matrix for Model 1 and Model 1R. For Model
1, the overall accuracy is high. The stable class accuracy is 100%. The inlet

recirculation and deep surge accuracies are close to 95%, while the transient class
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demonstrates an accuracy below 80%. The points from transient conditions are
misclassified to both adjacent classes, with a higher percentage to deep surge.
By introducing the rejection zone, the accuracy of classification for all un-
stable conditions increases. The largest increase is observed for transient condi-
tions, the accuracy of which approaches 90%. The accuracy of inlet recirculation
and surge also increases to 97 and 99% respectively. The majority of misclassi-
fications are then present for surge class identified to be transient. It is possible
that increasing the rejection threshold would help to further increase the accu-

racy, however, it might result in rejecting well-defined points, as demonstrated

in Figure
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Figure 7.13: Confusion matrix for investigation of classification accuracy for the
models based on all data for two sensors a) Model 1; b) Model 1R incorporating
the rejection zone

Figure[7.14]shows the confusion matrix for Model 2 and Model 2R. For Model
2, the overall accuracy is lower than for Model 1. The stable class accuracy is
93% and a number of points from inlet recirculation are classified as stable.
The accuracy for deep surge is also 93%, while inlet recirculation and tran-
sient accuracies are close to 85%. Misclassifications are made between adjacent
classes.

By introducing the rejection zone, the accuracy of classification for all con-
ditions increases significantly. The largest increase is observed for stable and

deep surge, which attain 100% accuracy. The accuracies of inlet recirculation
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and transient also increase to 93 and 97% respectively. In this model, the re-
jection zone has a higher impact on the overall accuracy. It may be attributed
to the larger extent of such zone for the same probability threshold t,cject =

0.3, which comes from more slowly varying probability at the class interfaces

(Figure [7.7)).
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Figure 7.14: Confusion matrix for investigation of classification accuracy of
the models based on limited data for two sensors a) Model 2; b) Model 2R
incorporating the rejection zone

Figure [7.15| shows the confusion matrix for Model 3 and Model 3R. For
Model 3, the overall accuracy is slightly lower than for Model 1. The stable
class accuracy is almost 100%, inlet recirculation and transient it is close to
85% and for deep sure it is 90%. The misclassifications in this case are made
not only between adjacent classes but also between inlet recirculation and surge,

which may result in a very early reaction of an anti-surge system.
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Figure 7.15: Confusion matrix for investigation of classification accuracy for
the models based on all data from a single sensors a) Model 3; b) Model 3R
incorporating the rejection zone
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By introducing the rejection zone, the accuracy of classification for all condi-
tions increases, but not as importantly as for the model with a limited number
of training points. With the rejection zone, the accuracy of stable conditions
reaches 100%, while all other accuracies increase by around 5%. Several mis-
classifications are still visible between adjacent classes, which demonstrates that
the rejection zone does not cover the whole region of transition from one condi-
tion to another. Nevertheless, the introduction of a rejection zone can help to

increase the accuracy of model classification.
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Figure 7.16: Comparison of the threshold-based model boundaries (solid black
lines) with GPC-defined boundaries obtained with Model 1R (white solid lines);
the colourmaps represent the probability for each of the classes; the scattered
points represent the test data for all conditions; the shaded region demonstrates
a rejection zone for rejection threshold t,¢jer = 0.3

Figure demonstrates the difference between interpretable boundaries
and GPC-based boundaries obtained fromModel 1R. The comparison of bound-
aries for all classes is not possible, as the threshold-based approach was used

only to define 3 classes while GPC was employed to differentiate 4 classes. How-
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ever, the boundary between inlet recirculation and transient corresponds to the
boundary between locally and globally unstable conditions.

The GPC-based boundaries between stable and inlet recirculation and inlet
recirculation and transient are moved to higher p; and pg values respectively,
compared to the threshold-based ones. The only exception is the region be-
tween stable and inlet recirculation, where part of the GPC-derived boundary
is present for lower values of jig. This might suggest that the boundaries drawn
with the threshold-based approach are too conservative in reference to the data.
Hence, it could be considered to choose a higher percentile of the distribution
or the maximum of the stable class as a threshold value. However, to do so,
it should be ensured that any possible outliers present in stable region are re-

moved.

stable
locally unstable
globally unstable

True class

Predicted class

Figure 7.17: Confusion matrix between the general conditions using features
based on SSA decomposition

To quantify the advantage of GPC over the threshold approach, the accuracy
of both methods can be compared. The accuracy for transient and deep surge
in GPC model is considered jointly for comparison. The confusion matrix for
the threshold approach is recalled in Figure and is compared with Model
IR for GPC, demonstrated in Figure [7.13] Overall, the introduction of GPC
led to a more accurate classification of conditions. It is especially significant for
the inlet recirculation region, where the accuracy of the interpretable approach
was limited to 80%. It could possibly be increased by altering the placement of
the threshold, as can be deduced from Figure based on the placement of

the inlet recirculation points in relation to the threshold.
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The rejection zone, which is not present in the threshold-based approach,
also helps to increase accuracy. With the data points present in Figure it
can be seen that to obtain high accuracy in unstable conditions differentiation,
the rejection zone must be introduced as it is not possible to provide a single
accurate boundary. This may be associated with the data labelling approach,
which assigns a single label to all data collected for a single TOA. Such a
labelling strategy should be reconsidered. Ideally, a label should be obtained
individually for each point, which could change the data distribution in the
feature space. Then, it is possible that the region of conditions overlap would
decrease and the thresholds derived from stable data would provide even better
classification accuracy. However, drawing a strong conclusion on this aspect

requires further research.

7.7 Summary, discussion and conclusions

In this chapter, a Gaussian process classification (GPC) was implemented as a
probabilistic classification method for the detection of instabilities. GPC was
trained on a number of data sets to investigate its performance for different
scenarios, relevant to the compressor instabilities detection. The aim was to
obtain an accurate classification for all operating conditions and to validate the
possibility of introducing rejection zones based on the probability predicted by
the model.

Rejection zones could help to increase the accuracy of classification and
avoid errors at class interfaces, where data for different conditions overlap in the
feature space. Rejection zones were defined based on the difference of probability
between classes, assuming that a low difference in probability would indicate
the regions with high ambiguity. The points located in such zones would not
be classified and used to infer the stability of the system. Using the rejection
zone can decrease the method responsiveness, but it should only affect the

regions between classes, where the operating conditions are relatively safe. The
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rejection zone approach does not increase the safety of the compressor, but it
instead allows one to avoid too early detection of the unstable conditions by
pushing the decision boundary to a location where the instability indication is
sufficiently certain.

A very important aspect of the Gaussian process classification is the selec-
tion of the kernel function [205]. It affects the behaviour of the probability
distribution predicted by the model and may impose certain constraints on it
[203]. In this study, a dot product squared (DP?) kernel was used. It pro-
vided an acceptable level of flexibility in shaping the class boundaries while
having the expected characteristics away from the interface between classes, as
demonstrated with the synthetic one-dimensional data.

The base model for classification was trained with 20 data points for each
TOA. The boundaries predicted by the model fit the data well and resulted in
an accurate classification of conditions. The shaping of the boundaries resulted
from the selection of the kernel function and the data. The selection of DP?
kernel led to a few misclassifications in one region and an overly elongated shape
of the transient class (Figure[7.3)). It is possible that different selection of kernel
function could lead to improved classification. However, when aiming for the
placement of the rejection zones reflecting the uncertainty in the training data,
the kernel should behave similarly to DP?, otherwise the rejection zones may
appear at the locations where the conditions are well-defined in the feature space
with interpretable dimensions. It was demonstrated in a separate study, where
RBF kernel was used to classify the same data [209]. Building a classification
model with a rejection zone introduces the need of evaluating the posterior
probability distribution, not only the accuracy of classification, making this
procedure more manual.

The advantage of GPC is its flexibility in shaping the boundaries and pro-
viding accurate classification based on a limited number of data points [203].

Within this study, two different scenarios of limited training data availability
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were investigated. Firstly, it was demonstrated that using only 2 points for each
TOA, it is possible to obtain the classification of similar accuracy as that of the
model trained with a much larger number of data points for each condition. The
second scenario assumed using a larger number of training points, but represent-
ing only four selected TOA values related to peaks of instabilities. In this case,
the probability distribution predicted by the model was not representative of
the whole operating range, and the probability predicted by the model was low.
Hence, it can be concluded that the training data should possibly represent the
entire range of operating conditions rather than only the peaks of instabilities.
Changing the number of training data points can also affect the probability
levels predicted by the model, influencing the size and location of the rejection
zone. Using the same level of probability difference, the rejection zone for Model
1R (Figure was present only close to the boundaries, while for the model
using only peaks (Figure it covered almost the entire investigated area of
the feature space.

Using GPC as a classification algorithm, it was demonstrated that all con-
ditions can be accurately differentiated using data from a single sensor before
impeller. By investigating two different components of SSA decomposition, it
was possible to obtain feature space representation similar to that with two
sensors. The same kernel function was used in GPC, but different training data
led to different shaping of the probability distribution, mainly for the transient
class. Using a single sensor, the rejection zone also increased the accuracy of
the model. Hence, it may be stated that using the data from a single sensor, it
should be possible to obtain an accurate indication of the conditions. However,
a prior mapping of all operating conditions is needed, as the thresholds based
on stable conditions do not provide correct classification.

GPC model is dependent on the selection of the kernel function, but the
training data drive the optimisation of its hyperparameters. Hence, the out-

comes of the model may be altered with the selection of training data. The
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classification and computation of accuracy in this study were based on labels
provided by the author of the experimental study [9]. It was demonstrated in
Chapter [] that the labelling methodology could be improved. To properly train
the classification model, one should be certain of the training labels. The model
prediction may importantly change with changing training data. It could be pos-
sible to craft the training data to obtain desired characteristics of the model, for
example by removing training points near the boundaries to increase the uncer-
tainty in that region and alter the size of the rejection zone. It is also possible
that certain selection of training data brings different results than expected due
to the interaction of data and kernel. Hence, the model training strategy should
be thoroughly validated to ensure that it meets the requirements of the system,
including the placement of the rejection zone.

Aside from being a potent classification algorithm, GPC has the important
advantage of being extendable to an infinite number of dimensions [203]. The
approach proposed in this study can be easily extended to a larger number of
features, should a larger number of unstable conditions be differentiated or a
method capable of differentiating transient and surge conditions be proposed.
GPC could also be used for the merging of different feature spaces. Such a
need may arise as a separate feature space could be obtained for each rotational
speed. Then, the rotational speed could be considered another dimension of the
multi-dimensional feature space. GPC could be used to define the boundaries
of different conditions, including their variations due to the rotational speed.
Obtaining the experimental data for such a design space with data may be
challenging due to the need for a large number of tests necessary to obtain the
training data. Therefore, the method capable of providing accurate indications
with limited data is of value. When considering rotational speed as a feature,
the selection of a kernel function should be thoroughly investigated to ensure

that it can effectively represent the data distributions in each dimension.
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Overall, GPC is a powerful and flexible classification method capable of
improving the accuracy of instabilities detection. It offers the possibility of
introducing a rejection zone to address the problem of classes overlap in the
transition zones. GPC requires all of the classes to be represented in the train-
ing data and is dependent on the selection of the kernel function. The kernel
selection may be case-dependent and it should be adjusted to the data but also
the expected probability distribution behaviour, especially if the model is not
only used for classification but also incorporates the rejection zone. The proba-
bilistic approach can be an important component of a data-driven instabilities
detection system, helping increase its accuracy compared to the threshold ap-
proach. However, the added value of a probabilistic enhancement should be
critically evaluated against the cost and risk of obtaining data for model train-

ing and validation.



8 Closing remarks

This chapter summarises the main outcomes of the work presented in this the-
sis. It collects the most important results, reiterates the attained objectives
and highlights the contributions to knowledge. The conclusions based on the
presented research are drawn as well as limitations and risks associated with
the proposed approach are discussed. Potential further research directions are

proposed to address the challenges identified within the outcomes of this work.
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8.1 Conclusions

Aerodynamic instabilities are harmful phenomena affecting the performance
of centrifugal compressors and endangering their operation. The detection of
instabilities is possible using pressure signals from the compressor, however,
it is a challenging task. The signals are often complex, highly dynamic and
contain multiple components of different origin as well as a substantial level
of noise. An effective method of instabilities detection can be based on data-
driven decomposition techniques. These techniques have the ability to isolate
and enhance the signature of aerodynamic instabilities in the signal.

There is a limited number of contributions that have utilised data-driven
decomposition methods for the detection of instabilities. The existing works
rarely focus on the stochastic character of the pressure signal nor discuss the
pace of detection. Both of those aspects are very important for a performant
detection method. The research often focuses on specific, selected instabili-
ties. Consequently, a comprehensive detection of different instabilities with a
single method has not been proposed. This thesis intends to fill these gaps
by proposing a data-driven decomposition methodology for online, robust and
comprehensive instabilities detection in centrifugal compressors.

The methodology developed in this thesis allows obtaining the indication
of compressor stability based on a pressure signal collected from the inside of
the compressor. It has two main steps, feature extraction and decision-making.
The feature extraction relies on extracting the signature of instabilities with
data-driven decomposition methods. The features are constructed by taking
the RMS of the selected decomposition components. Such features are related
to the signal power. They were shown to have distinct values for different op-
erating conditions, hence they can be used for the detection and differentiation
of instabilities. A detailed description of the methodology is given in Chapter
2
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Two signal decomposition methods are investigated for feature extraction,
empirical mode decomposition (EMD) and singular spectrum analysis (SSA).
They both were shown to be capable of instabilities detection in centrifugal com-
pressors, but the scope of research was limited. EMD and SSA represent two
distinct types of methods, relying on very different approaches to decomposi-
tion. Therefore, comparing their performance on the same data set can provide
valuable insights into the feasibility of feature extraction and offer guidance on
the optimal methods for this specific application.

The proposed methodology can incorporate multiple features, which are
combined in the feature space to be used jointly in decision-making. The
decision-making step is based on supervised classification. Two classification
approaches are investigated.

The first takes advantage of interpretable thresholds, defined solely based on
stable data. Using this approach can reduce the risk involved in collecting data
from an unstable operating range, as it only uses data from stable operation
to train the model. It is shown that interpretable thresholds can provide an
accurate classification of general operating conditions: stable, locally unstable
and globally unstable, as defined in Section[3.3] For a threshold-based approach
to be feasible, each instability has to be detected by a single feature. Each such
feature has to fully isolate the signature of a specific instability. Within the
threshold-based approach, some misclassifications were observed close to the
boundaries between conditions, which were attributed to noise and variability
of the pressure signal.

The other classification approach is based on a probabilistic classification
algorithm. Gaussian process classification (GPC) method is leveraged, provid-
ing a probabilistic output in the form of the probability of each class in each
location in the feature space. GPC is investigated in the context of a possi-
ble enhancement in classification accuracy due to more flexible shaping of the

boundaries. The probabilistic output is also used to introduce a rejection zone,
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allowing not to classify points in ambiguous regions of the feature space. For
the probabilistic approach, it is necessary to obtain experimental data for all
conditions and all of the classes have to be appropriately represented.

The methodology is validated using experimental data from a low-pressure
centrifugal compressor. Pressure data collected with two different experimen-
tal protocols are used. In the first protocol called quasi-dynamic, the data is
obtained for a set throttle valve position and a measurement is taken for each
throttle setting. In the other protocol called dynamic, the data is collected for
dynamically varying throttle position. The two protocols represent the differ-
ent pace of changes in operating conditions. The details on data acquisition are
given in Chapter [3] The data from the quasi-dynamic protocol is used to build
the model and provide quantitative validation, while the data from the dynamic
protocol is used for qualitative validation. By employing the data collected with
two different protocols, it can be evaluated if the features extracted with either
method are sensitive to the pace of stability changes. Such sensitivity may affect
their detection performance for different scenarios.

It is proven that the developed methodology can be used for quick, ro-
bust and comprehensive detection of aerodynamic instabilities in centrifugal
compressors. Using the threshold-based approach, it is possible to differenti-
ate general conditions, being stable, locally unstable and globally unstable. The
globally unstable conditions can be furtherly divided into transient and deep
surge. Differentiating the instabilities from globally unstabld conditions is more
difficult and requires obtaining not only stable data to be quick and accurate.
The probabilistic approach can increase the accuracy of detection through more
flexible shaping of the boundaries and the rejection zone, but it is sensitive to
training data and the selection of parameters. Nevertheless, it can provide im-

provement in accuracy over the threshold-based approach. The next sections

*The italic notation is used here to highlight the types of conditions investigated; it is
omitted further in this chapter
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collate the most important observations and conclusions regarding the results
of the decomposition methods, their comparison and the implementation of the

probabilistic approach for conditions classification.

8.1.1 EMD-based instabilities detection

EMD was applied to a pressure signal from a centrifugal compressor in order
to obtain intrinsic mode functions (IMFs) that may be used to create features
sensitive to instabilities. The performance of the features depends on several
parameters, including both the location of the sensor used to collect the data

as well as the EMD decomposition parameters, as shown in Section [4.2]
Character of the components

The IMFs are ordered by their central frequency and cover certain frequency
ranges. They are extracted in an iterative procedure, starting from the IMFs
covering the highest frequency. The selection of the components to be used for
obtaining features is dependent on the input signal and the parameters of the

decomposition, as the content of IMFs is driven by the input data.

Influence of the decomposition parameters

The input signal length N, affects the dispersion of the data, while the number
of sifting iterations SN influences the spectral content of the IMFs, making
them more narrow-banded with an increasing number of siftings. It was shown
in Section that the decomposition with SN = 8 is sufficient to obtain
instabilities-sensitive features while ensuring that the decomposition time is low
enough for online detection. For optimal accuracy, the input signal length N,
should be longer than the period of oscillations related to Helmholtz frequency

fu of the system in order to accurately capture the signature of surge.
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Mode mixing and selection of the components

EMD is prone to mode mixing, which may be enhanced by the variable spectral
content of the input signal. The information related to specific instability can
travel from one IMF to another for subsequent input signals, as shown in Section
[4.4.1] Consequently, the mean value of the component clearly demonstrates a
reaction to instability, however, the dispersion of the component values is high.
This is observed mostly for global instability, the signature of which is contained
in the highest extracted IMFs. Hence, to obtain components of low dispersion
for robust identification of globally unstable conditions, it is proposed to use
a sum of high IMFs to construct a global instability feature. Such a feature
can incorporate the entire signature of global instability and proves to be less

dispersed than features based on single IMFs, as shown in Section [4.4.2]

Local and global instability features

For the investigated machine, the local instability was captured best by IMF
6 from the sensor before impeller but was also present in adjacent IMFs. The
global instability was best captured by a sum of IMFs from 8 to 15 from inlet
sensor, however, a similar performance was offered by the components sourced
from the outlet sensor. A signal representing 0.1 seconds of machine opera-
tion was sufficient to construct the features capable of differentiating general

operating conditions, being: stable, locally unstable and globally unstable.
Differentiation of transient and deep surge

Globally unstable conditions could be furtherly divided into two distinct insta-
bilities: transient and deep surge. EMD did not allow for precise differentiation
of each instability based on separate features. The signature of neither of them
was fully isolated by any of the components, making threshold-based detec-
tion not feasible, as shown in Section [1.4] To address this issue, it is proposed

to use a global instability feature for differentiating transient and deep surge
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conditions. The feature is related to the physics of instabilities, containing a
low-frequency range of the signal covering both, transient and deep surge. Con-
sequently, the substantial change in the value of the feature at deep surge onsets
can be connected with the flow structures related to instabilities.

Using the global feature for differentiating stable, transient and deep surge
conditions, it is no longer possible to use a single threshold based on stable
data. Consequently, it is necessary to obtain the data from transient or deep
surge to define the boundaries. Then, the advantage of using only stable data
to build the model is lost. However, if the compressor is allowed to operate in
transient conditions, then the risk associated with running the machine at such
conditions should not be excessive. Differentiating transient and deep surge
can help to increase the operating range of the compressor by allowing the
machine to operate in the transient region. Defining exact instabilities within
the globally unstable range enables more customization of the detection system,

making such a data-driven detection approach more adaptable and accurate.

8.1.2 SSA-based instabilities detection

Using SSA for the decomposition of the pressure data from a compressor, it was
possible to obtain a number of reconstructed components (RCs) that could be
used to construct instabilities-sensitive features. The selection of the compo-
nents and performance of the features is strongly dependent on the character of

the input signal and the parameters of the decomposition.

Character of the components

The RCs are ordered by their variance content, with RC 1 holding the most
variance among the components. The spectral content of each RC depends on
the input signal and the window length L. It is not possible to generalize the

relation of the RC number and its frequency spectrum, as it was possible for
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IMFs. A single RC can hold various frequency ranges and the content of RC

can change with a changing structure of the signal.

Influence of the decomposition parameters

The selection of the components to be used for obtaining features is dependent
on the input signal length N, and the decomposition parameters, especially
the window length L. The size of the window length defines the number of
components the signal is split into. It was shown in Section that by
extending the window length, the signature of local instability can be split
between a number of components, making its detection less clear. The same is
observed for global instability, the signature of which can also be shared by a

number of components.

Local and global instability features

The over-decomposition of the signal can be compensated with the grouping
of the components. However, increasing the number of components for recon-
struction results in a longer processing time. Incorporating a grouping stage
increases the need for expert knowledge when defining features. Hence, using
the window adapted to capture inlet recirculation is recommended. With L =
50 and the input signal length corresponding to 0.1 seconds, it is possible to

differentiate local and global instabilities present in the system, as shown in

Sections [5.3.1] and [5.3.2] The global instability was captured in RC 1 obtained

from the inlet sensor signal, while the local instability signature was present in

RC 2 from the sensor before impeller.
Differentiation of transient and deep surge

The exact differentiation of transient and deep surge signatures with separate
features was not possible. The SSA did not allow to fully isolate the signature
of either of those two instabilities, even when the window length was greatly

increased, as demonstrated in Section [5.4.1} It can be attributed to the close



8.1. Conclusions 241

relation of transient and deep surge conditions and the joint presence of the
signature of each of them in the signal. To enable quick and robust identifica-
tion of transient and deep surge, it is possible to take advantage of the global
instability feature, as demonstrated in Section It was shown that it can
be used for the differentiation of transient and deep surge conditions with good
accuracy. With the onset of deep surge, there is a significant change in the value
of the global instability feature. This change can serve as a clear indication of
the conditions.

Using a single feature for the differentiation of stable, transient and deep
surge conditions results in the need to obtain feature values for at least one
of the unstable conditions. Consequently, the advantage of using only stable
data to build a model is lost. However, such an approach offers a more precise
definition of the conditions. It can be useful for extending the operating range
of the compressor, should the presence of transient conditions be allowable for

the machine.

8.1.3 Comparison of EMD and SSA for instabilities de-
tection

To understand the performance of the decomposition methods, local and global
instability features obtained using EMD and SSA were compared. The empha-
sis was put on quantifying the detection potential and identifying the detection
errors as well as the differences in features obtained with both methods. The
stable, locally unstable and globally unstable conditions were differentiated us-

ing thresholds based solely on stable data.

Local and global instability features

Both EMD and SSA allow obtaining an accurate indication of locally unstable
and globally unstable conditions of the compressor with the threshold approach.
The local instability features puy obtained using either of the methods display
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an almost identical behaviour across the entire operating range. They both
encompass a frequency range that is characteristic of the inlet recirculation
observed within the machine under investigation. The global instability features
from both methods are also very similar for all conditions. It regards both their
values as well as their spectrum, containing mostly sub-synchronous frequencies.
Using the decomposition parameters as defined in this study, it is possible to
obtain an online indication of general operating conditions with each of the

methods as shown in Section 6.2
Differentiation of transient and deep surge

The global instability feature can be used for the differentiation of transient and
deep surge for each of the methods. The differentiation is based on the impor-
tant change of the feature value between transient and deep surge. However,
then the threshold based on stable data can no longer be used. The differenti-
ation of transient and deep surge can be considered a higher level of detection
accuracy. When detecting only the general conditions, the operation of the
compressor would be interrupted when entering the globally unstable range.
By differentiating transient and deep surge from the globally unstable opera-
tion, the interruption can be shifted to the deep surge region. Consequently,
the operating range of the machine can be increased, provided that operation in
transient range is safe for the compressor. The effect of the transient instability
on a compressor would be dependent on the type of machine. It is possible that
for some compressors, the operation in the transient range would be accept-
able. Consequently, differentiation of transient and deep surge would allow the

extension of the operating range.
Features dispersion

Comparing the features based on EMD and SSA, a difference in their dispersion

can be observed, as shown in Sections [6.1.1] and [6.1.2] The SSA-based features
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are more concentrated around the mean than EMD-based ones for the same
input length. This is noticeable for both, local and global instability features.
It can possibly be attributed to mode mixing present in EMD. The information
contained in a single RC obtained with SSA spreads between different IMFs
obtained with EMD, resulting in the dispersion of the features based on those
IMFs. The lower dispersion for SSA-based features transfers into more compact
clusters in the feature space. Both methods have thresholds that are defined
using stable conditions. However, because EMD-based features have a larger
dispersion, the thresholds in the EMD-based approach are shifted to higher val-

ues. The placement of thresholds influences the classification of the conditions.

Accuracy of the threshold-based classification

The accuracy of classification is computed using quasi-dynamic data and shown
in Section [6.2.2] The indications obtained with the EMD and SSA-based meth-
ods are compared with the labels assigned by the author of the experimental
study [9]. The overall accuracy of classification is higher using EMD-based
features. It is mainly due to higher accuracy in the locally unstable range.
However, the accuracy for the globally unstable range is lower than in the case
of SSA. Considering the nature of instabilities in centrifugal compressors, the
importance of misclassification may be different, depending on its type. Mis-
classifying a globally unstable operation for a locally unstable one is highly
dangerous, as it may allow the compressor to operate at deep surge conditions.
Misclassifying locally unstable conditions as globally unstable ones can cause
unnecessary interruptions in the compressor, but it does not pose any risk to
the machine.

When considering classification accuracy for specific TOAs, as demonstrated
in Section the number of misclassifications for SSA steadily increases with
decreasing TOA. It could be related to a temporal presence of globally unsta-

ble conditions for the TOAs labelled as locally unstable. It is to some extent
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observed for EMD as well, but not as clearly due to different placement of the
threshold.

To have greater confidence about the conditions present in the compressor,
the approach to data labelling should be reconsidered. Originally, a single label
was assigned for each TOA. For the TOAs close to the boundary between differ-
ent conditions, it is possible that different unstable structures are temporarily
present in the compressor. Hence, a label should be provided for each short
portion of the input signal, rather than in bulk for each TOA. Then, it would
be possible to quantify the performance of data-driven instabilities detection

methods with higher confidence.

Representativeness for dynamic change of stability

To investigate the discrepancies between features obtained with two experi-
mental protocols, the features from each of them are scattered onto the feature
space (Section. Comparing their relative location, the SSA-based features
demonstrate far less difference between protocols than EMD-based features.
The SSA-based features for dynamic protocol match very well the representa-
tion build with quasi-dynamic data. In the case of EMD, an offset is observed in
the global instability feature value. Extracting the components from the highest
to lowest frequencies, EMD seems to be more sensitive to the character of the
input signal. The offset of points for different data acquisition protocols may
indicate that EMD-based features are unfit for instabilities detection with the
proposed approach. The classification model trained with quasi-dynamic data,
would not be representative for a quick transition in stability, emulated with

dynamic data.

Risks associated with adaptive base of the decomposition

The points in the feature space for SSA show some sub-clusters for stable con-

ditions. Those sub-clusters have the same value of uy, but different value of
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pa. This is related to the adaptability of SSA, where for some input signals
RC 1 represents an entirely different frequency range, as shown in Section [6.1.2]
The shift is only observed for the inlet sensor, probably due to a lack of strong,
dominating phenomenon in the flow for those conditions. Such behaviour is
not observed for the unstable range, where the signal is more dominated by the
signature of instabilities. The presence of sub-clusters does not invalidate the
proposed approach. However, when implementing the methodology, it should
be validated if such a phenomenon takes place and how much it can impact the
detection. It is possible that for a different machine, the shift would be more
significant, altering the placement of the threshold for the global instability

feature.

Limitations of the linear threshold approach

Using the linear thresholds for the obtained features distribution, it is not pos-
sible to avoid misclassifications. It is especially true for the global instability
threshold 7),,,, where the points for locally unstable and globally unstable range
overlap. The misclassifications can be caused by the incorrect labelling ot the
data. Nevertheless, due to the presence of noise in the signal and small distance
between subsequent TOAs, some of the points would still overlap in the feature
space. To address the problem of misclassifications in the regions of transition,

a probabilistic approach is proposed.

8.1.4 Probabilistic classification enhancement

The probabilistic classification aims to address the problem of misclassifications
at the transition between conditions and quantify how a performant classifier,
offering highly flexible, data-driven boundaries between classes can help to ame-
liorate the accuracy of instabilities detection. It is based on Gaussian process
classification (GPC), which provides the estimated class probability for each

class in all locations of the feature space. The probabilistic output is used
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for the classification of the operating conditions as well as the formulation of

rejection zones, defined based on the relation of probability for different classes.
Kernel function selection

One of the crucial aspects of the GPC model is the selection of a kernel function.
The kernel defines the relation between points in the feature space. The choice
of the kernel affects the probability distribution, including the flexibility of its
shaping and behaviour away from training data. In this study, a multiplication
of two dot product kernels is used. It provided sufficient flexibility to model
the compressor data while generating an interpretable posterior probability dis-
tribution, where the probability of instability increases with an increase of the

feature value.

Rejection zone effects

Using the posterior probability distribution, it is possible to define rejection
zones. They are present in the locations where the difference in probability
of the two most probable classes is lower than a specified threshold. Section
demonstrates that such zones help to increase the accuracy of classification
by rejecting the points present at the interfaces between conditions. When a
point is rejected, it is not considered by the detection system and a new point
is awaited. The location and size of the rejection zones are dependent on the
selection of the threshold value, type of kernel and the training data set. The
rejection zones may offer an advantage for classification, but their placement

should be thoroughly reviewed.
Training data requirements

The strength of a Gaussian process as a classifier lies, among others, in the
capacity of accurate classification using limited training data. To investigate
this in the context of a centrifugal compressor, two limited-data scenarios are

proposed, as shown in Section The first one uses data representing all TOAs



8.2. Limitations of the study 247

with a low number of points, while the other is based solely on data for selected
TOASs, representing the peaks of instabilities. It is shown that the first scenario
offers much better classification, even using as little as 2 points for each TOA.
Considering the need to acquire data for unstable conditions, this can help to
limit the time the compressor has to operate in such conditions for generating

an appropriate training data set.

Using single sensor data for detection

The probabilistic approach is also used to investigate the accuracy of conditions
classification using the data from a single sensor located before impeller. The
features were obtained using SSA decomposition. Similarly to the setup using
two sensors, RC 1 was a base for the global instability feature while RC 2 was
used for the local instability feature. It was demonstrated that a high level of
accuracy can be obtained when using data from a single sensor. This indicates
that data-driven decomposition methods can effectively decouple the signature
of different conditions from the same signal. It can also be concluded that
the location before impeller may be important for obtaining a comprehensive
indication of machine stability, as it captures the signature of both local and
global instability.

The GPC is a powerful approach that can provide high accuracy of classifi-
cation using a single sensor and limited training data. It is a great advantage for
an instabilities detection system as it can both limit the cost of such a system as
well as greatly limit the risk of machine damage due to shortening the required

data acquisition in the unstable range.

8.2 Limitations of the study

Although data-driven decomposition methods have shown promising results

for detecting instabilities, there are various limitations that need to be ad-



8.2. Limitations of the study 248

dressed. These limitations pertain to both the methodology itself and the scope

of method validation presented in the case study.

Selection of the components

The selection of the components is a challenging procedure that requires expert
knowledge and can vary between compressors. In this study, the components
were selected by investigating their values in the unstable range. Knowing
only the stable operating range of a new compressor system would make the
selection of components significantly more challenging, potentially leading to
increased uncertainty. It is especially true for SSA, where the components order
is driven by the variance content. Proposing an automated selection of the
components based on the stable range would provide a significant improvement

to the proposed methodology.
Adaptable base of the decomposition

The data-driven decomposition methods used in this study do not have a fixed
decomposition base. Therefore, the decomposition varies with the input signal
character. Data-driven methods may offer more accurate detection and extract
better features compared to fixed-based decompositions, however, they are sen-
sitive to the selection of the parameters and the length of the input signal. The
information of interest may move between the components, which was observed
for both EMD and SSA. It makes the monitoring of the phenomena subjected

to higher uncertainty and again, complicated the task of components selection.

Isolation of instabilities signature

It was not possible to obtain features isolating solely transient or deep surge
signature. Hence, it was not possible to differentiate those two instabilities
with a threshold-based approach neither with EMD nor with SSA. Using the
global instability feature for differentiation of stable, transient and deep surge

conditions requires obtaining data for unstable compressor operation. It brings
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the risk of compressor damage when obtaining the training data. It is possible
that by using a different decomposition method, the signature of transient and
deep surge could be decoupled. However, it appears that focusing on the power
of selected frequencies, the separation of transient and deep surge may not be

possible.

Types of observed instabilities

The machine used in the case study was a low-pressure compressor. It did not
experience rotating stall, which is commonly reported in centrifugal compres-
sors. The presence of rotating stall could affect the components selection and
requirements for the decomposition parameters. Stall is often manifested in
sub-synchronous frequencies, covered by the global instability feature defined
in this study. To isolate the signature of rotating stall, it may be necessary to
use a longer window length in the case of SSA or to approach the construction
of the global feature differently if using EMD. Depending on the type of ro-
tating stall, a different sensor location may need to be used. In principle, the
proposed methodology should soundly accommodate any number of additional
instabilities, however, the performance of the components and the approach to
the selection of the sensor location may alter as it may no longer be possible to

differentiate all conditions using data from a single sensor.

Range of rotational speeds

The data used in this study was limited to a single rotational speed. Hence,
the proposed methodology was not validated for different rotational speed, not
for dynamically varying rotational speed. It should be confirmed that a specific
component or set of components is capable of capturing the signature of unstable
conditions across the whole range of rotational speeds. Having the feature space
representation for a number of fixed rotational speeds, they would need to be

merged to allow for the instabilities detection at various rotational speeds. The
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merging could be performed with GPC, however, the performance of such a

model would have to be thoroughly validated.

8.3 Further work

Several different paths could be undertaken to complement the research pre-
sented in this thesis, confirm the presented findings and address the identified

challenges.
Validation for other compressors

The methodology proposed in this thesis should be validated on other machines,
possibly of different types and sizes. It could provide a better understanding
of the approach to components selection and decomposition parameters as well
as prove the universality of the methodology. The studies should be performed
for a number of rotational speeds and the suggested approach to merging data
should be explored. It is also important to account for instabilities detection

during speed transients, that may induce the onset of instabilities.
Feature extraction alteration

Further work could focus on the feature extraction block of the methodology.
The very similar behaviour of the features obtained with entirely different meth-
ods might suggest that similar results could be obtained also with other decom-
position methods, such as intrinsic time-scale decomposition or variational mode
decomposition. Different decomposition could possibly provide features with
lower dispersion or generate the components capable of differentiating transient
and deep surge using a threshold built on stable data. The data-driven ap-
proaches with variable decomposition base should be critically compared with
fixed-base decomposition methods such as synchrosqueezing transform to quan-

tify the advantage of the adaptability offered by the data-driven methods.
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It is also possible to alter the way the decomposition components are pro-
cessed into features. The RMS value proposed in the methodology is related
to signal power, which should change with the onset of instabilities. However,
due to the character of the components, it does not allow the decoupling of the
signature of instabilities that overlap in the frequency spectrum. A promising
metric may be based on entropy, which evaluates the complexity of the signal.
Due to their different nature, the entropy-based features may be more sensitive

to some conditions than power-related features.
Automated components selection

The automated selection of the components could be investigated in further
research. Such selection could be for example based on their frequency content.
However, it can be challenging when working with SSA and similar methods, as
there is no clear connection between the component number and its frequency
spectrum. It could also be possible to aid the selection of the components with
some modelling techniques, such as CFD to obtain the signal for unstable con-
ditions without risking the damage to the compressor. In general, to ensure
the universality of the automatic components selection, the proposed method
should be validated on multiple machines. To automate the selection of compo-
nents, the crucial step is gathering a comprehensive dataset representing varying
compressor designs and rotational speeds. This will ensure generalisation of the
components behaviour, which should allow for defining an automated selection

procedure.

Enhancements to decision-making

Different rules for setting the threshold for an interpretable approach could
be explored. It is possible to vary the rules regarding decision-making, for
example, requiring two points in a row to be above the threshold for making a

decision. When considering the probabilistic approach, it may be beneficial to
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investigate more sophisticated kernel functions that provide greater flexibility
in data modelling. Such a need may arise when attempting to accommodate

the data for varying rotational speeds.

Building a comprehensive data set

The focus could also be put on experimental data labelling automation. It
requires appropriate instrumentation of the test rig, and should therefore be
considered at an early stage of its design. The instabilities can have a different
impact on the compressor structure, hence the labelling should aim to reflect the
instability effect on the machine. It could be possible with the measurements of
the structure vibration or strain on crucial compressor components. Sufficient
resolution of the labelling should be used to ensure that the variation of stability
for the same setting of the throttle can be captured. Such a data set would
be very useful for the validation of different data-driven instabilities detection

approaches.
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